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ABSTRACT
Rempe, Gary. Transdiagnostic classification of behavior in childhood: Profile analysis and
interrater stability. Published Doctor of Philosophy dissertation, University of Northern
Colorado, 2021.
There is growing concern among both researchers and practitioners that mainstream
psychopathological classification schemes inadequately meet the needs of individuals seeking
treatment for mental illness. Recent efforts in childhood psychopathology have sought to derive
new diagnostic subgroups that are less susceptible to the heterogeneity and comorbidity issues
that have been reported with categories specified in more recent versions of the diagnostic and
statistical manual of mental illness. These transdiagnostic subgroups are generated by using
unsupervised machine-learning algorithms that separate cases into homogenous groups with
information from multiple continuous indicators. This dissertation seeks to expand on this work
by exploring natural groups of children and adolescents that emerge from the normative samples
of a rating scale designed to measure the following domains: conduct, negative affect,
cognitive/attention, social, and academic functioning. This project uniquely contributes to the
previous literature by comparing solutions across teacher, parent, and child raters, by including
two adaptive domains (social and academic functioning) and by exploring differences in itemlevel versus subscale-level methods for profile estimation. Profile membership was also
contrasted with categorical diagnostic categories. Results indicated solutions that ranged from
four to six profiles across samples. Out of 10 separate analyses across rater groups,
developmental levels, and indicator types, 10 qualitatively different latent profiles were

iii

identified, six of which fell across a broad spectrum of severity ranging from an extreme level of
psychopathology to above average functioning. Two profiles characterized by social dysfunction
were identified across all rater groups but not all developmental levels. The remaining two
profiles were defined by attention/executive dysfunction but were only present in teacher-rater
samples. Thus, latent profiles were replicated across samples to a varying degree, indicating a
low level of interrater stability overall. Findings further indicated that, while the item-level
approach was helpful in identifying key profile symptoms and yielded broadly similar results, the
subscale-approach tended to have higher stability during the enumeration phase and was a more
reliable indicator of overall psychopathology. Low associations between profiles and specific
categorical diagnoses were found. However, subscale profiles characterized by more extreme
maladaptive estimated means were associated with a higher degree of overall psychopathology.
Profile demographics are discussed, along with implications for latent profile analysis, the
classification of mental health in children and adolescents, treatment and intervention, and
psychological assessment. Overall, the results of this study support a broad and transdiagnostic
view of child and adolescent behavioral and emotional functioning that continues to show a
promising ability to address problems endemic to our current nosological paradigm, improve
problematic practices in effectiveness research, and increase the precision and size of treatment
effects.
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CHAPTER I
INTRODUCTION
Background
There have been documented efforts to classify mental illness since the time of
Hippocrates. Many of these classification systems have been organized around the theoretical
cause of an illness. During the time of the Ancient Greeks, such problems were thought to be the
result of humoral imbalance. During the middle ages, etiologies involving one’s spiritual
standing gained popularity. The enlightenment period brought the focus back to the body and
natural causes of psychopathology, and after a relatively brief period during which
psychodynamic theories were well regarded, the major etiologies of mental illness in
psychology/psychiatry are again implicating natural causes with the latest editions of the
American Psychiatric Association’s (2013) Diagnostic and Statistical Manual of Mental
Disorders (DSM-5), and World Health Organization’s (2018) International Classification of
Diseases (ICD-11). However, the debate around underlying etiologies of psychopathology and
how best to classify them continues to rage to this day. As researchers across a variety of
disciplines have noted, the dominate mental health paradigm of our time is currently undergoing
a crisis of confidence (Zachar & Kendler, 2017).
The parameters of this “crisis of confidence” are comprised of five primary issues; 1)
contemporary diagnostic categories are characterized by substantial heterogeneity within groups
(Brodbeck et al., 2014; Rounsaville et al., 2002), 2) there is significant comorbidity between
diagnostic categories (Kessler, et al., 2005; Merikangas et al., 2010) to the extent that a child
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having a single diagnosis versus multiple was the exception rather than the rule in many studies
(Clarkin & Kendall, 1992; Essau et al., 2000; Tolan & Henry, 1996 ), 3) there is a lack of
research and acknowledgment of sub-clinical levels of pathology (dimensionality), 4) current
taxonomies of psychopathology have been heavily influenced by historical trends and “expert,” a
priori, theories, and 5) while many researchers have generated evidence to support specialized
treatments for a variety of different DSM diagnoses, these research designs are often forced to
use exclusionary criteria when gathering their samples (Brodbeck et al., 2014; Merikangas et al.,
2010). For example, a study examining the effect of an ADHD treatment on academic
performance would likely screen out individuals with comorbid learning disorders, brain injury,
anxiety disorders because it is purely the effect on ADHD symptoms that they are interested in.
However, this practice is not reflective of the observed nature of DSM categories within the
larger population (comorbid and heterogeneous categories) and underscores the need to
reorganize our current taxonomy of mental illness.
Significance of the Problem
The five issues outlined above have a direct impact on the treatment of individuals with
behavioral and mental health needs. Heterogeneity within diagnostic categories may contribute
to the development of treatments that lack external validity and may be reduced in effectiveness
for many people. Comorbidity complicates the selection and prioritization of treatment and may
moderate treatment effects of interventions that are developed from diagnostically “pure”
samples. The literature has consistently shown that as high as 40% to 60% of adolescents with a
mental health disorder have one or more comorbid disorders (Essau et al., 2000; Merikangas et
al., 2010). Furthermore, the lack of acknowledgment regarding the dimensionality of
psychopathology can be a barrier for many individuals suffering from mental illness that may

3
gate access to treatment. These issues will continue to lead to serious problems for individuals
seeking help from mental health professionals and are related to methodological limitations with
the statistical techniques that have historically been used to develop diagnostic subgroups.
Theoretical Underpinnings
The development of many 20th century childhood DSM disorders was driven by factor
analytic techniques. These studies involved researchers building symptom checklists and
analyzing covariance between items. Items with shared variance were thought to represent “true”
latent variables driving scores. However, as is becoming increasingly apparent with the issues
noted above, variable centered analysis has failed to address issues of heterogeneity,
comorbidity, and dimensionality within diagnostic categories. This is because it is only items
that are grouped in these analyses and not actual people, contributing to our current situation.
Variable centered studies further carry the added disadvantage of having to rely on a priori
assumptions of an underlying structure of psychopathology. As discussed by Kendler (2009),
“expert” driven techniques of classification were found to be flawed as far back as the 1600s.
The evolution of computer technology during the last three decades has allowed
researchers to utilize new statistical techniques that address these problems. These techniques are
rooted in machine-learning algorithms that allow for the computation of groups, “classes”, or
“profiles” of people based on information from multiple continuous or categorical variables.
These person-centered analyses fit well into recent alternative classification efforts that seek to
derive more reliable and valid domains of functioning across various levels of analysis (i.e.,
Research Domain Criteria; RDoC, Sanislow et al., 2010). The subgroups that are derived from
these studies are more homogeneous, and as such, it is argued that they can contribute to the
development of more precisely targeted and therefore more effective treatments (Lanza &
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Rhoades, 2013). In fact, a recent study using teacher derived latent profiles to specify
intervention groups found that two profiles were associated with greater treatment effect sizes
(Bradshaw et al., 2015). The explicit use of these person-centered analyses to develop a
taxonomy of childhood psychopathology is still in its infancy, thus there is currently a need for
research that replicates and extends upon recent findings.
For example, research teams that have worked with the Child Behavior Checklist (CBCL;
Achenbach & Rescorla, 2001), have consistently found four latent classes (Normative,
Internalizing, Externalizing, and Dysregulated). Meanwhile, researchers working with the
Behavior Assessment System for Children (BASC; Reynolds & Kamphaus, 1992) have reported
a three-class solution including normative/adequate adjustment, mild adjustment difficulties, and
functionally impaired adjustment. (Mindrila, 2016). Notably, an earlier BASC study also
identified a profile characterized by above average functioning (DiStefano & Kamphaus, 2006).
There have also been several person-centered analyses with samples of children using the
Conners Rating Scales (Conners, 1999), and the Ohio Scales (Ogles, et al., 2001). Findings from
these studies have tended to support those from studies on the BASC and CBCL, however, most
have notable drawbacks. Looking across the research projects mentioned above, major
limitations relate to sampling characteristics, lack of interrater comparisons, and the rating scale
domains chosen for analysis. For example, several studies with the CBCL have investigated
symptom-based profiles and cross-informant agreement, however, only within specific domains
such as withdrawn behavior (Rubin et al., 2012) or attention and concentration concerns (Althoff
et al., 2010). Per these studies, interrater stability of withdrawn behavior was found to be low,
while stability of attention problems was considered high. Only one study could be located that
built profiles from the item level up using LPA across multiple domains (Bonadio et al., 2016),
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even though the ability to find patterns amongst a pool of symptoms without a preexisting
diagnostically driven framework is a primary attribute of the LPA methodology. Furthermore,
only four studies were found that included adaptive indicators in LPAs (Bradshaw et al., 2015;
DiStefano & Kamphaus, 2006; Mindrila, 2016; Racz et al., 2016). In each of these studies, only
teacher ratings of young children were analyzed. Recent meta-analytic recommendations
(Peterson et al., 2019) call for increased inclusion of a broader range of functioning outside of
purely pathological scales, in line with the generally well-received dual-factor model of mental
health (Greenspoon & Saklofske, 2001; Suldo & Shaffer, 2008).
Rationale for and Purpose of the Study
There was a critical need to investigate the stability of latent profiles across raters (i.e.,
teacher, parent, and child/adolescent raters) to address conflicting research results, establish
preliminary findings regarding how profiles compare across raters, and explore how adaptive
indicators would influence latent group structure in a population-based study. Given recently
published research into symptom derived latent profiles and use of Likert type items in LPA in
other fields, there was a need to replicate item-level (as opposed to subscale level) person
centered analysis (as opposed to variable centered) of multi-domain scales across multiple raters
with large representative samples. It was of particular interest to compare LPA solutions derived
from each technique. To lend insight into these questions, replication of research studies with a
new sample and alternate rating scale was a necessary next step in the continued exploration of
transdiagnostic profiles in childhood psychopathology. As three and four class solutions continue
to build evidence, further justification for research into differential treatment effects across
classes can be gathered, leading to a more useful and precise classification system to be utilized
by the field of childhood psychopathology. Thus, the current project extended the work of
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several recently published studies investigating the classification of childhood psychopathology
and person-centered latent variable models (Althoff et al., 2006; Basten et al., 2013; Bianchi et
al., 2017; Bonadio, et al., 2016; Bradshaw et al., 2015; Connell, et al., 2008; Mindrila, 2016;
Racz, et al., 2016; Rubin, et al., 2012). In general, the findings of these studies have tended to
favor three to four latent group solutions.
The current study utilized latent profile analysis to explore organic, non a-priori
participant groupings (latent profiles) present in the normative samples of a recently developed
behavioral rating scale; the Behavior Intervention Monitoring and Assessment System, Second
Edition (BIMAS-2; Meier et al., 2016). The BIMAS-2 includes symptoms that fall within the
following domains as they are currently conceptualized in modern psychology;
attention/executive function, behavioral regulation, anxiety, depression, learning/academics, and
social functioning. The models were developed using full normative samples as opposed to only
clinical samples to explore the full spectrum of heterogeneity in childhood psychopathology and
psychological well-being. Latent profiles were be built from both the item-level and the
subscale-level in order to generate groups less driven by a-priori conceptualizations of childhood
psychopathology and also compare these solutions to more conventional LPA methods. It is
important to note that by analyzing items with LPA, the level of data was interpreted as interval
instead of ordinal. Participant demographics and other extraneous variables were analyzed across
latent profile models to shed light on possible etiologies and make comparisons to previous
research findings. By understanding the degree that a demographic variable was associated with
a profile, particularly if the contribution was large, hypotheses could be drawn for further testing
about etiological factors driving the profile.

7
Similar to the work of De Caluwe et al. (2012) and Bianchi et al. (2017), latent profile solutions
were compared to the presence or absence of a diagnosis. This procedure was replicated across
each of the three rater groups and latent profiles. The following research questions and
hypotheses were used to guide this study:
Research Questions
Q1

Will child and adolescent samples be best characterized by a four-profile solution
as exhibited by the extensive research on the CBCL?

Q2

Will there be evidence to support a dysregulation profile across the BIMAS-2
samples? This profile would consist of the endorsement of high levels of
aggression, attention concerns, and anxiety/depression.

Q3

Are participant groupings in the BIMAS-2 normative sample stable across parent,
teacher, and child raters?

Q4

Are profiles associated with particular DSM diagnoses or groups of diagnoses?

Q5

Will forming latent profiles from the item-level as opposed to the subscale-level
lead to a different latent profile solution?
Hypotheses

H1

Based on the previous findings using the adaptive scales on the BASC, it was
hypothesized that a similar latent structure will emerge including a typically
functioning profile, a profile with mild difficulties, and a profile characterized by
severe ratings across indicators.

H2

As a three-class solution was hypothesized, I do not foresee a distinct
dysregulation profile emerging. Similar to the research conducted using the
BASC, it was anticipated that this group of children would exist within a group
characterized by diffuse psychopathology across all domains. In other words, it
was hypothesized that children who would meet criteria for the dysregulation
profile would be grouped together with children exhibiting a high degree of
psychopathology across all indicators.

H3

Based on previous work on interrater stability, I hypothesized that three primary
latent profiles would be represented by each rater group. However, consistent
with the findings of Bonadio et al. (2016), I predicted that these latent profiles
would differ in terms of size and age. Specifically, I anticipated that the diffuse
group in the parent and teacher samples would be smaller than observed in the
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self-report sample, and that the diffuse profile would tend to be older in the parent
and teacher samples compared to the self-report sample.
H4

As I hypothesized three profiles that were more differentiated by level of
impairment or dimensionality, I did not foresee higher or lower rates of specific
DSM diagnoses across profiles. This appeared more likely given the extent of
issues with the DSM that have been described elsewhere. However, as
demonstrated in previous research (Bianchi et al., 2017), I did anticipate that
profiles characterized by higher impairment would be associated with a higher
frequency of diagnoses in general.

H5

Given the theoretical and conceptual value of building disorder subgroups from a
non a-priori index of problematic symptoms, I hypothesized that a latent profile
analysis that did not examine patterns across all discrete symptoms would result
in less profiles being generated. This appeared to be more likely because subtest
scores inherently mask group level elevations on individual items.
Delimitations

This study was largely exploratory in nature and drawing explicate causal relationships
between variables could only be speculative. This was a quantitative project and including
subjective experiences of individuals was outside the scope of this study. Any efforts to validate
or examine outcomes related to latent profiles was also beyond the scope of this study and
analyses was kept to the BIMAS-2 normative samples due to time constraints. While
consideration of historical and modern trends in psychopathological classification outside of
western culture may be warranted, it was also beyond the scope of this study.
Definition of Terms
Classification. The organization of observable phenomena by scientists. An example is the
classification of animals into domain, kingdom, phylum, etc. This project was primarily
concerned with the classification of psychological and behavioral functioning. Recent
efforts in this area include the DSM-V and ICD-11.
Cluster Analysis. A statistical method used to identify homogenous groups of cases within a
data set. The algorithms used to calculate these groups function in a way that eliminates
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cross-over of cases between groups, resulting in clusters of cases that are highly similar
within, yet highly differentiated between each other. Cluster analytic techniques have
been around since the 1950s (Kendall & Anderson, 1959; Rao, 1973) and continue to be
widely used (Johnson & Wichern, 2002).
Comorbidity. The co-occurrence of two or more mental disorders during an individual’s
lifetime (Kessler et al., 2005).
Dimensionality. Researchers have increasingly acknowledged that mental illness is not an “all
or nothing” phenomenon, but rather it exists in varying levels throughout the population.
Dimensionality is a term used to describe this continuum.
Externalizing. A broad-spectrum category of childhood psychopathology that is defined by the
outward expression of behavior. In a seminal factor analysis study (Achenbach, 1966),
the externalizing factor comprised of the following narrow-spectrum syndromes: rule
breaking and aggressive behavior
Factor analysis. A statistical technique that is commonly used to reduce data into smaller
“factors” by analyzing variance shared between input variables. In the social sciences,
these input variables are often test items. The variables that the items reduce into are
typically thought to represent the domains that the test measures. Factor analytic
techniques were developed during the early 1900s and continue to be widely used today
(Brown, 2006; Vincent, 1953).
Heterogeneity. In general, heterogeneity refers to a phenomenon of interest that is non-uniform
or characterized by variability. In the context of this dissertation, heterogeneity of
diagnostic categories is of particular interest.
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Under our current diagnostic paradigm, it is often the case that two individuals diagnosed
with the same disorder will experience differences in the onset, course, and symptoms
related to their diagnosis (Brodbeck et al., 2014; Rounsaville et al., 2002).
Homogeneity. In general, homogeneity refers to a phenomenon of interest that is uniform or
characterized by consistency. In the context of this dissertation, homogeneity was used to
describe the characteristics of latent variable models.
Humorism. An early perspective on the etiology of illness that was heavily influenced by the
work of Hippocrates and his students around 400 B.C.E. Humourism attributes all
medical symptomology to an imbalance of the four bodily fluids or humors (blood,
yellow bile, black bile, and phlegm). As such, no distinction was thought to have been
made between mental and medical disorders (Ahonen, 2014; Simon, 2008).
Internalizing. A broad-spectrum category of childhood psychopathology that is defined by the
inward expression of maladaptive thoughts or behavior. In in a seminal factor analysis
study (Achenbach, 1966), the internalizing factor comprised of the following narrowspectrum syndromes: anxious/depressed, withdrawn/depressed, and somatic complaints.
Latent class cluster analysis (LCCA). LCCA a statistical technique used to identify
homogenous groups of cases within a data set. Indicators are typically categorical. It is
analogous to cluster analysis, however, LCCA has the added capability of model testing.
Latent profile analysis (LPA). LPA is a statistical technique used to identify homogenous
groups of cases within a data set. Similar to LCCA, LPA has model testing capabilities.
The difference between LPA and LCCA is that the input variables are continuous as
opposed to categorical.
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Latent variable. A random variable that cannot be directly observed (Porcu & Giambona,
2017). Evidence for the existence of latent variables can be uncovered through
mathematical techniques.
Machine Learning. A reference to the utilization of computer processing power to understand
large amounts of data. The original goal of generating these algorithms was to explore
whether or not a computer could learn from data, and iteratively improve on its own
models with the incorporation of new data. Fraud detection, autonomous vehicle
programming, and personalized advertising are some modern-day applications of
machine learning. Multiple regression, cluster analysis, LCCA, and LPA all broadly fall
under the category of machine learning.
Sequential Comorbidity: A term describing the research finding that receiving one mental
health diagnosis substantially increases the likelihood of receiving a second, resulting in
comorbidity across an individual’s life, as opposed to a cross-sectional view (Caspi et al.,
2014).
Somatogenic: Of the physiological origin. This term was used in reference to etiological
perspectives in history on the causes of mental illness.
Summary
Variability, ambiguity, and contention have long defined efforts in the classification of
mental illness across fields of psychology, philosophy, and medicine. Issues of categorical
heterogeneity, diagnostic comorbidity, and dimensionality that are characteristic of the DSM-5
and ICD-11 are the most recent example of this. The overarching purpose of the current project
was to contribute to a reinvigorated line of research seeking an updated and more effective way
to conceptualize child and adolescent psychopathology based on analyzed responses from
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behavioral rating scales. Specifically, the current study attempted to replicate latent groups in
children and adolescents that were previously identified in several papers. This study built on
previous work by including additional variables measuring behaviors related to academic
functioning and socialization, and by building latent models up from both the item and subscale
level. This study further extended previous literature by comparing the latent structure derived
from three rater groups (children, parents, and teachers), and comparing DSM diagnoses across
latent groups. This replication and extension of previous work was a necessary step in the
evolution of classification efforts. As researchers who study the nexus of philosophy and
nosology have noted, the pervasive shortcomings of our current diagnostic systems and the
related crisis of confidence hint that a paradigm shift of is on the horizon. Prior to explaining the
specifics of this study, it is necessary to explore historical patterns in the classification of mental
illness, behavioral rating scales, and current methodologies designed for understanding group
level patterns in data.
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CHAPTER II
REVIEW OF LITERATURE
The Classification of Mental Illness
Given that this research project concerns the classification and taxonomy of mental
illness, it may be useful to begin with a brief history on the subject. Below, I will outline
perspectives on psychopathology from classical antiquity in Greece through to Emil Kraepelin
and the modern era, followed by more recent developments in the DSM.
The beginnings of psychopathological classification can be traced back to writings on
madness by Hippocrates and his students around 400 B.C.E (Ahonen, 2014; Simon, 2008). The
ideas outlined by Hippocrates were expanded on during this time period by thinkers including
Aristotle, Galen, Caelius Aurelianus, and many others. Hippocrates and his followers organized
their thoughts on the etiology of pathological conditions (Humorism) in the Hippocratic Corpus.
Generally speaking, Humorism attributes all medical symptomology to an imbalance of the four
bodily fluids or humors (blood, yellow bile, black bile, and phlegm). As such, no apparent
distinction was made between mental and medical disorders. Both were thought to be the result
of physical disturbances and were treated with physical means. Prior to this point in history, the
etiology of mental illness generally involved supernatural explanations. Interestingly, in the
Hippocratic text “On the Sacred Disease”, all cognitive and bodily action is assigned to the brain.
Pathological conditions delineated at this time that can be interpreted as having mental origins
included mania, melancholia, and phrenitis. Mania represented a chronic condition with
symptoms including hallucinations, inappropriate moods, and bizarre fears. Melancholia (black
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bile disease) represented a chronic combination of fear and depression, and phrenitis was
described as an acute condition involving fever and psychosis that often led to death. Other
symptoms of mental illness discussed during this time period included epilepsy, hydrophobia,
lethargy, hysteric complaints, nightmares, and satyriasis (hypersexuality in men). Philosophic
schools that proceeded Aristotle (i.e., Epicurean, Stoic, Skeptic, Neo-Platonic, etc.) generally
maintained his interpretation of the Hippocratic Corpus in relation to mental illness with each
school modifying their ideas on how physical manifestations of humoral imbalance impacted the
soul (Ahonen, 2014; Mora, 2008; Simon, 2008).
With the fall of the Roman Empire in 476 C.E. and the rise of Christianity, Western
theories involving the etiology of mental health concerns generally shifted from somatogenic to
again include a degree of supernatural explanations (e.g., magic, demonology, etc.). In covering
this period, Mora (2008) has highlighted that little is actually known about conceptualizations of
mental illness outside of medical texts written during this time, and that recent literature has
undergone much change. Working from a broad lens, Simon (2008) contends that the ideas
around Humorism and mental illness, propagated by monks, also continued well into the Middle
Ages without much change until the seventh century, during which time several new
classifications were documented such as lycanthropy (madness involving the delusion of being
an animal), incubus/succubus (demonic possession), lovesickness, and effeminacy. These new
categories represented a combination of somatogenic and supernatural ideas. This synthesis is
also represented in the work of Hildegard of Bingen during the 12th century. Hildegard attributed
insanity to both the original sin of Adam and Eve and Humorism. While great societal, scientific,
and philosophical shifts are recorded during the time period between the end of the Middle Ages
and the Renaissance, there is little documentation of changes in the classification of mental
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illness (aside from increased use of delirium, paranoia, lethargy, and dementia as informal
diagnostic categories) until the turn of the nineteenth century and the work of Phillippe Pinel
during the Enlightenment period.
Through-out the Middle Ages and the Renaissance, the religious institutions bore much
of the responsibility for the care of the mentally ill. By the 17th century, this practice had
contributed to the existence of a variety of specialized public asylums for those suffering from
mental illness (Weiner, 2008). Immediately upon his arrival at a French institution during the
1790s, the Salpetriere, Pinal broke convention by examining the conditions of the patients and
the ecology of the hospital. Pinal became interested in learning more about the patients under his
care, and soon after began a four-year project to reexamine and diagnosis 569 of them. The
findings of this and later projects by Pinel were published and revised in his three editions of
Nosography from 1813 to 1818 and are widely acknowledged by members of the medical
community as the beginning of modern psychiatry. Pinel’s use of mathematics and probability is
also lauded as a pioneering work the use of statistics in medicine. His perspective represented a
resurgence of somatogenic theories on the etiology of mental illness, the first major attempt at
psychiatric classification, and the primacy of supernatural and Humoristic etiologies falling to
the wayside. Many of Pinel’s classification efforts were invalidated during his lifetime, some by
his own students, however, his influence on contemporary biological etiologies of mental illness
quickly took root.
During the 19th century trends in institutionalizing the mentally ill in asylums occurred
throughout Europe. The poor conditions of these institutions generated a need for full time
medical staff. Congruent with their training, these physicians began to classify their patient’s
psychopathology, resulting in the rapid development of many different taxonomies across
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different European regions. By the end of the century, Germany became center of efforts relating
to psychiatry and classification reaching a peak with the establishment of research universities
and the work of Emil Kraepelin. Kraepelin had developed his classification system by 1904. It
was rooted in the taking of clients’ “natural histories”. His method restricted mental illness to
onset and outcome, and was based in the course that an individual’s symptoms took over time
(Zachar & Kendler, 2017). As noted by researchers interested in the intersection of philosophy
and psychiatric nosology, this shift towards mapping the natural history of mental illness and
away from remote and ultimate causes was influenced by the work of John Locke and other
enlightenment thinkers who prioritized empiricism and the role of immediate experience in
shaping individual characteristics. The efforts in biological classification by Cesalpino, John
Ray, Adanson, and others were also highly influential. However, while progress in biological
taxonomy benefited from a paradigm shift thanks to the work of Charles Darwin and others, no
such change occurred in psychiatry.
During the early 20th century, efforts in America were made to quantify and categorize
institutionalized individuals by the National Committee for Mental Hygiene. This resulted in the
publication of the first standardized classification manual; the Statistical Manual for the Use of
Institutions for the Insane (National Committee for Mental Hygiene, 1918). The manual included
22 diagnostic categories, the majority of which were presumed to have a biological/somatogenic
etiology. Following the second world war, clinicians experienced success in treating war-related
psychopathology using psychodynamic methods. This led to the development of an alternate
classification scheme rooted in psychogenic etiological concepts; Medical 203 (Office of the
Surgeon General, Army Service Forces, 1946/2000). In 1952 an attempt was made to reconcile
the two disparate classification schemes, leading to the publication of the DSM-I. This edition

17
maintained much of the psychodynamic language and generally favored the psychogenic lens of
Medical 203. The DSM-II was published shortly after (1968) in response to the creation of the
International Classification of Diseases (ICD) by the World Health Organization. While no
major changes in classification were made in the second edition, the proceeding DSM – III is
resoundingly described as a dramatic return to Kraepelinian and somatogenic thinking on the
etiology of mental illness. The DSM-III was published in 1980. Subsequent editions of the DSM
up to the most recent (2013) DSM-5 do not drastically differ from the DSM – III (excluding an
increase in the number of childhood diagnostic categories) and a conceptualization of mental
illness as causally related to underlying individual biological factors has persisted to this day.
However, as noted by writers in the area of philosophical psychiatric nosology (Kendler, 2009;
Tsou, 2011; Zachar & Kendler, 2017) our current classification system maintains many
diagnostic categories that have been inherited, diagnostic categories that are heterogeneous in
clinical presentation and course, and classifications that do not meaningfully communicate causal
factors. Given the extent that our current model has persistently failed to serve the needs of
researchers and clinicians alike (Kendler, 2009), many individuals across a variety of fields have
called for changes in our classification system.
Mental Illness in Childhood
Looking back on the early 1900s, with Kreaplin’s classification system focusing on
natural causes and individual histories and the increasing acknowledgment that events during
childhood influence adult functioning (helped along by Sigmund Freud and psychodynamic
theory), an investigation into childhood mental illness is a natural next step. Indeed, not long
after the publication of the DSM-I, researchers became curious about the existence and structure
of psychopathology in childhood and how it contributed to adult mental health disorders.
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Between 1930 and 1950, work by Hans Eysenck, Thomas Moore, and others established
empirical symptom-based measures of psychiatric populations through factor analysis (Eysenck,
1944; Moore, 1930). During the 1960s this research was extended by Thomas Achenbach,
Herbert Quay, and Keith Conners with the application of multivariate statistical analyses to
develop a taxonomy of child and adolescent psychopathology using multi-informant behavioral
rating scales (Achenbach, 1966; Achenbach, et al., 1989; Quay, 1986). This effort contributed to
the development of several behavioral rating scales, including the Achenbach System of
Empirically Based Assessment (ASEBA; Achenbach, et al., 2017). This research was guided by
previous factor analytic work investigating issues described in the case histories of children
served at a university child psychiatry clinic. At the time, there were only two categories for
childhood disorders; Adjustment Reaction of Childhood and Schizophrenic Reaction, Childhood
Type. The goal of Achenbach and others’ research was to understand if more pathological
syndromes were present in childhood than were represented in the DSM-I. After developing a
rating scale based off of DSM-I symptoms, reviewing findings from the factor analytic work
with children in the psychiatric clinic and related literature, factor analyses were conducted to
understand how these items/variables relate to each other (Achenbach & Edelbrock, 1978). Three
broad spectrum variable groupings were found; internalizing, externalizing, and severe/diffuse
psychopathology. Second order analyses demonstrated the existence of several narrow band
syndromes within each broad grouping; internalizing (anxious/depressed, withdrawn/depressed,
somatic complaints), severe and diffuse psychopathology (social problems, thought problems,
attention problems), and externalizing (rule breaking behavior, aggressive behavior). The
existence of three broad-band variable groupings proved critical in the development of an
empirically-grounded higher order structure of childhood psychopathology and laid the empirical
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foundation for the development of additional DSM categories for children and adolescents. It is
important to note that this line of research was paralleled by a series epidemiological studies in
childhood psychiatry around the same time (Rutter, et al., 1974). These studies reflected the need
for further research and classification of childhood mental health disorders and provided initial
data on prevalence and proposed etiology.
In the 60 years since these initial investigations into childhood psychopathology, the field
is unrecognizable. As of the recently published DSM-5, there are now around 22 diagnostic
categories related to childhood and the importance of early treatment to mitigate symptoms in
adulthood has been well established. However, as noted by a substantial proportion of
researchers and clinicians alike, there is still much work to be done.
Diagnostic Comorbidity
As research in childhood psychopathology has progressed in tandem with increases in
childhood disorders, findings have indicated high rates of comorbidity; the co-occurrence of two
or more disorders or conditions. As described by Newman, et al., (2014), comorbidity broadly
follows a rule of halves, with about 50% of individuals who are diagnosed with one disorder
meeting criteria for another at that time, about 50% of individuals diagnosed with two disorders
meeting criteria for a third, etc. Diagnostic comorbidities are problematic because they cloud
etiology, which in turn, makes treatment decisions and prognosis difficult for practitioners.
Comorbidities similarly complicate research. While some researchers may feel justified in
excluding comorbid disorders, others may argue that the common symptom overlap is indicative
of subtypes that should be studied together. Since the publication of the DSM-III, several largescale epidemiological studies by the National Institutes of Mental Health (NIMH) have been
conducted that have helped to describe these comorbidities. Data on adolescent (13 – 18 years
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old) mental health concerns were gathered in 2000-2001 with the National Comorbidity Survey Adolescent Supplement (NCS-A; Merikangas et al., 2010). This research showed that, out of five
DSM-IV disorder classes (mood disorders, anxiety disorders, behavioral disorders, substance use
disorders, and other/eating disorders), 40% of children met criteria for two or more disorders.
Findings also indicated that comorbidity with additional classes increased with age. Other
comorbidity studies have shown rates as high as 66% (Essau et al., 2000; Reale et al., 2017).
Results from the 2007 National Survey of Children’s Health (NSCH) showed that 33% of
children aged 6 to 17 who met criteria for ADHD also met criteria for one or more additional
disorders (Larson, et al., 2011). In this study, ADHD was highly comorbid with specific learning
disorder (46%), and conduct disorder (27%). Anxiety and depression were comorbid in 18% and
14% of the sample respectively. By themselves, anxiety and depression have historically been
very strongly correlated, with some studies showing comorbidity rates as high as 75% (Sorensen,
et al., 2005; Weersing, et al., 2008). Childhood oppositional defiant disorder (ODD) and conduct
disorder (CD) have also been found to be associated with a greater risk of having one or more
additional disorders, with one study reporting comorbidity rates as high as 46% (Maughan, et al.,
2004). In this study ODD and CD was comorbid with ADHD in about 30% of children. Some
researchers have also reported significant associations between ODD and internalizing disorders
(Boylan, et al., 2007).
There are several lines of thought on how to account for the high degree of comorbidity
reflected in the studies reported above. Some researchers have proposed that the underlying
symptoms that define categories like generalized anxiety disorder (GAD), major depressive
disorder (MDD), ADHD, ODD, CD, and autism spectrum disorder (ASD) are too similar to each
other and must be further refined to create discrete disorders (Garber & Weersing, 2010). Others
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have suggested that there is a construct (e.g., negative affectivity in anxiety and depression) that
underlies commonly comorbid disorders that can account for their co-occurrence (Tully, et al.,
2009). Related to this, a relatively recent perspective contends that co-occurring diagnoses are
evidence for a general latent structure of mental health disorders (Caspi et al., 2014; Laceulle, et
al., 2015). Similar to the general latent factor observed in data from intelligence measures (Gfactor), this view proposes a general psychopathology factor (p-factor). These researchers
suggest that all mental health disorders have a shared etiology or reflect a process in which risk
for developing additional disorders is heighted after the initial diagnosis (sequential
comorbidity). Findings from the NCS-A indicating that symptom severity was a strong predictor
of comorbidity may support this perspective. While some of these perspectives on diagnostic
comorbidity are complimentary, and some are not, there is a consensus among researchers and
clinicians that the current nosology of childhood mental health disorders will benefit from
continued revision.
Diagnostic Heterogeneity and
Mental Health Models
While diagnostic comorbidity references issues in overlap between diagnostic categories,
heterogeneity speaks to problematic variability within each category. There is a common axiom
amongst clinicians in regard to this phenomenon; “if you have met one child with ADHD, you
have met one child with ADHD”. This phrase is used commonly for many childhood disorders,
and exemplifies the issues raised in this paper. Recent movements in the field of psychology
relating to the specification of alternative mental health models also highlight the problem of
heterogeneity.
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As outlined across the history of psychopathological classification efforts, mental health
has been overwhelmingly thought of as a unidimensional construct, consisting of either the
presence, or absence of psychopathology (Evens et al., 2005). With the positive psychology
movement (Seligman & Csikszentmihalyi, 2000) came the acknowledgment of a
multidimensional mental health model, in which individuals who showed no clinically
significant levels of psychopathology, but who still indicated poor life satisfaction, could be
theoretically accounted for. This dual factor model was first validated in a study by Greenspoon
and Saklofske (2001), in which it was demonstrated with a sample of elementary students that
high life-satisfaction could exist in conjunction with psychopathology, and low life-satisfaction
could exist in the absence of psychopathology. The dual factor model was further explored in a
sample Canadian youth (Suldo & Shaffer, 2008), in which researchers found support for a fourfactor model of mental health consisting of 1) complete mental health i.e., no psychopathology
and high quality of life; 2) vulnerable i.e., no psychopathology and low quality of life; 3)
symptomatic but content i.e., psychopathology and high quality of life; and 4) troubled i.e.,
psychopathology and low quality of life. In their sample, the authors described 57% of their
participants in the “complete mental health” category, 13% in “vulnerable,” 13% in the
“symptomatic but content” factor, and 17% in the “troubled” category. The authors concluded
that our current practices in psychological classification and treatment are not sufficiently
addressing those in need of additional support.
Given that two individuals with the same diagnosis can be associated with drastically
disparate presentations, diagnostic heterogeneity similarly clouds etiology. Hypotheses regarding
the causes of diagnostic heterogeneity mirror those of comorbidity, particularly those that
implicate methodological flaws in the initial development of key symptoms/criteria that
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differentiate diagnoses. These initial symptoms were used to develop behavioral rating scales
which were later used in research and clinical practice and will be described in depth in the
following section.
Behavioral Rating Scales
In modern day psychological assessment, behavioral rating scales are used to gather
information about an individual’s functioning by collecting and examining the responses of
multiple raters (i.e., self, teacher, and parent), to questions about the emotional and behavioral
functioning of the individual of interest. The responses of these informants are then typically
compared to a large and representative group (normative sample) of the client’s peers that are
matched on demographic variables such as age. Biological sex and clinical presentation are also
used to further specify an individual’s norm groups. These comparisons result in numerical
values that represent the difference between an individual’s score and the mean of their reference
group (standard scores). The following are examples of standard scores: z-score, T-score, and
scaled score. The responses that raters provide are typically scaled as polychotomous (more than
two response options) items, with Likert-type options. These scales are invaluable in
psychological evaluation because of their ability to efficiently and reliably gauge behavioral
functioning across multiple settings. The importance of multiple informant perspectives on child
behavior and the systematic development of reliable and valid scales can be traced back to the
work of E. K. Wickman in 1928 (Knight & Wickman, 1929). There are several behavioral rating
scales that are in use today. Scales that are relevant to this study include the following: BASC
(Reynolds & Kamphaus, 1992), the Conners Rating Scales (CRS; Conners, 1999), the ASEBA
(Achenbach, 1986), the CBCL (Achenbach & Rescorla, 2001), the Ohio Scales-Problem
Severity Scale (OS PS; Ogles, et al., 2001), and the Teacher Observation of Classroom
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Adaptation-Checklist (TOCA-C; Koth et al., 2009). The Behavioral Intervention Monitoring and
Assessment System, Second Edition (BIMAS-2; Meier, et al., 2016) is another behavioral rating
scale that focuses on providing information that is relevant to the evaluation process, as well as
behavioral screening and progress monitoring. The BIMAS-2 is comprised of 34 items with five
subscales that sample from broad adaptive, externalizing, and internalizing domains.
As noted above, behavioral rating scales are highly useful in psychological evaluation.
However, these scales and the large normative samples attached to them have also proved to be
useful in contributing to a broader conceptualization of the higher order structure of
psychopathology in children and adolescents. This work began with latent variable-centered
approaches (exploratory and confirmatory factor analysis) and has been recently reinvigorated
with the growing popularity and utility of machine learning algorithms and person-centered
analyses. Both latent variable and latent class analyses have been conducted with and outside of
the normative samples of each of the instruments listed here excluding the BIMAS-2 (i.e.,
BASC, CRS, CBCL, ASEBA, OS PS, and TOCA-C).
Latent Profile Analysis
Latent class cluster analysis and latent profile analysis are analogues to cluster analysis. I
have mentioned that this technique originated from developments in machine learning that
coincided with the rapid development of computer technology. The term “machine learning” is a
reference to the utilization of computer processing power to explore and understand large
amounts of data. An early goal behind developing these algorithms was to determine whether or
not a computer could learn from data, and iteratively improve on its own models with the
incorporation of new information. Fraud detection, autonomous vehicle programming, and
personalized advertising are some modern-day applications of machine learning. These
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algorithms can be conceptualized as belonging to two different groups; supervised and
unsupervised learning. The model selection process involved with multiple linear regression
makes it a very simple example of supervised learning. Exploratory factor analysis can be
thought of as comprising of unsupervised learning algorithms, whereas the model testing and
restriction process in confirmatory factor analysis is thought of as supervised. Cluster analysis
falls in the unsupervised learning category, given that clusters that are output from the data are
computed with no human intervention. In other words, based on the data input into the clustering
software, the computer “learns” what the most easily differentiated groups are and outputs them
to the user.
In general, cluster analysis is a method of identifying homogenous groups of cases (often
individuals) within a data set. The algorithms (k-means, expectation-maximization, etc.) used to
calculate these groups function in a way that eliminates cross over of cases between groups,
resulting in clusters of cases that are highly similar within, yet highly differentiated between each
other. Cluster analytic techniques have been around since the 1950s (Kendall & Anderson, 1959;
Rao, 1973) and continue to be widely used (Johnson & Wichern, 2002). Cluster analysis does not
assume a statistical distribution based on a larger population; thus, probabilities of cluster
classification cannot be computed. As such, cluster analysis does not attribute a latent structure
to the data being analyzed and clusters that are identified may or may not be driven by an
underlying latent variable.
A latent variable is a random variable that cannot be directly observed (Porcu &
Giambona, 2017). Evidence for the existence of latent variables can be uncovered through
mathematical techniques. Latent class analysis (LCA; Lazarsfeld, 1950) is one such technique
that involves categorical indicators. Latent profile analysis (LPA) is essentially the same
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procedure; however, LPA uses continuous indicators (McCutcheon, 1987). LCA and LPA differ
from factor analysis in that cases are iteratively grouped according to their similarities as
opposed to variables. In LCA or LPA, the cases are most often research participants, hence the
term “person-centered”. In factor analysis it is often scale items or similar variables that are
reduced to form groups, leading to the term “variable-centered”. While cluster analysis
calculates multivariate distance between individual responses across a number of traits, LPA or
LCA models the probability of a case belonging to a profile or class. LCA and LPA differ from
cluster analysis in that an underlying probability distribution is assumed, allowing for the
generation of maximum likelihood statistics that can be used in model comparisons (Lazarsfeld,
1950; Vermunt & Magidson, 2000). Alternate terms that have been used to describe similar
approaches to LCA/LPA include; model-based clustering (Banfield & Raftery, 1993), mixture
likelihood approach to clustering (Hand et al., 1989), finite mixture-model clustering,
unsupervised learning (McLachlan & Peel, 1996), and Bayesian classification (Cheeseman &
Stutz, 1995).
In LPA, the underlying probability distribution assumed is often Gaussian, whereas LCA
often assumes a binomial discrete probability distribution. By making these assumptions, initial
within-class parameters (e.g., mean, standard deviation, etc.) can be estimated. Following the
initial estimation of within-class parameters, expectation maximation algorithms can be used to
improve on these coefficients by iteratively analyzing posterior probabilities until a point of
convergence is reached, leaving the researcher with a final maximum likelihood estimate of a
particular model’s parameters that can most likely explain observed data given the assumed
probability distribution (!"). It is common practice to take that natural logarithm (nl) of !", which
yields a more convenient value referred to as the log likelihood (LL). LL values are compared
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across the different LPA solutions, with values closer to zero indicating improved model fit. LL
is also used in other calculations for determining model fit that better account for sample size and
model complexity.
LPA assumes that data originate from a heterogeneous mixture of samples originating
from k profile-specific distributions; that, conditional on correct profile enumeration, y indicators
are uncorrelated within profiles and covariance between profiles is zero (i.e., conditional
independence); and that variances are equal across profiles (i.e., homogeneity of variance; Lubke
& Neale, 2006). The model with the independence and homogeneity constraints in place is the
most parsimonious LPA model and is referred to as class-invariant parameterization. While it is
important to prioritize simplicity in model building, it is also possible that mis-specifying k
distributions using the above constraints will lead to errors in the enumeration process (Peugh &
Fan, 2013). Given this consideration, it is possible to relax assumptions of independence and
homogeneity in a number of different ways, four of which are within the scope of this project:
Model 1) by constraining variances to be equal across profiles and covariances set to zero, as
described previously (i.e., class-invariant parameterization); Model 2) by freely estimating
variances across profiles and allowing them to differ (i.e., class-varying diagonal
parameterization); Model 3) by constraining variances to be equal and estimating covariances
between profiles while also constraining them to be equal (i.e., class-invariant unrestricted
parameterization); and Model 6) by freely estimating both variances and covariances across
profiles (i.e., class-varying unrestricted parameterization). Models 1 through 6 will be referred to
as M1-M6 for the remainder of this paper. With these four parameterizations, means are always
freely estimated. It is important to note that in the LPA literature models are described using a
variety of terms (e.g., distribution, volume, shape, orientation, etc.). The terminology used here is
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consistent with recommendations from Rosenberg, et al., (2018). Refer to the following
resources for examples of different terminology and the specifications of additional
parameterizations: Scrucca, et al., (2017); Pastor, et al., (2007); Muthén and Muthén (2017).
Similar to other model testing techniques like multiple linear regression, LPA models are
compared based on the relative “fit” of the data. As noted above, because LPA utilizes maximum
likelihood estimation, model fit in is commonly determined using LL (values closer to zero
indicate better fit) and interrelated likelihood-penalizing statistics such as Akaike Information
Criteria (AIC; Akaike, 1987) and Bayesian Information Criteria (BIC; Schwartz, 1978). Both
techniques evaluate LPA solutions (specifically log likelihood values) in light of the number of
parameters associated with each model (i.e., model complexity). Models of higher complexity
are penalized. Compared to AIC, BIC further penalize models as the natural log of the number of
observations in a model (n) approaches two (approximately, n = 7). BIC tends to be the most
widely used and trusted information criteria (IC) in LPA (Masyn, 2013; Nylund, et al., 2007).
After AIC was found to be inconsistent across different sample sizes in the early 1980s, a
corrected version (i.e., Consistent Akaike Information Criteria; CAIC) was developed by
Bogdozan (1987) and continues to be commonly used today. AIC, BIC, and CAIC values are
given by:
AIC = -2LL + 2k
CAIC = -2LL + k[ln(n) + 1]
BIC = -2LL + ln(n)k
AIC, CAIC, and BIC are commonly used together, with the goal being to strike a balance
between model complexity and explanatory power. Similar to LL, values closer to zero indicate
better model fit. By the nature of their formula, AIC is susceptible to overfitting data (possibly
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increasing type one error rates), while BIC has a tendency to underfit data, particularly with
greater sample sizes (possibly increasing type two error rates). Similar to factor analytic
techniques, the parsimony of solutions and substantive relevance of profiles are also
considerations in the selection of a final model (Nylund, et al., 2007).
LL values are also used to in statistical tests that are implemented to identify unlikely
increases in model fit as additional profiles are added. This is helpful considering that LL will
always increase somewhat as a function of additional parameters being added to the model
(Nylund, et al., 2007). Currently, the majority of research evidence gathered from simulation
studies suggests that the Bootstrapped Likelihood Ratio Test (BLRT; McLachlan & Peel, 2000)
is generally considered the most robust statistical indicator of significantly improved model fit.
The BLRT functions by comparing the LL of one model to that of another with one less profile (k
– 1). If the BLRT p value is significant at p < .05, there is evidence to reject a null hypothesis of
no change in LL. The BLRT was developed around the same time as another likelihood ratio test
that compared changes in LL over an approximated chi-squared distribution (Lo, et al., 2001).
The BLRT uses bootstrapped samples generated from observed data instead of an approximate
chi-squared distribution, which allows it to perform with improved stability across a wide range
of conditions (Nylund, et al., 2007).
Minimum profile size and statistical entropy cut-offs are additional LPA indexes that are
used to help researchers select the most appropriate model during the enumeration phase. In
order to avoid overfitting data or identifying participant groups that do not generalize well to the
population, researchers have recommended that latent profiles or classes consist of at least 5% of
the sample used for the LPA (Modecki et al., 2015; Tein et al., 2013). Furthermore, as part of the
LPA each case within a data set is assigned a posterior probability of membership to k profiles.
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In a well-functioning LPA model, a single case will have a high probability of belonging to one
profile, and a lower probability of belonging to the others. In this way, a model’s ability to
accurately classify cases into disparate groups is estimated. Statistical entropy in LPA is an
omnibus measure of a model’s overall classification accuracy (Celeux & Soromenho, 1996). The
entropy coefficient ranges from 0 to 1, with sufficiently functional models having a value of at
least .80. This entropy cut-off was established following a simulation study from Lubke and
Muthén (2007) which indicated that a model with entropy of .80 was associated with 90%
correct classification of cases to latent classes.
Latent Variable Analysis and the Classification
of Childhood Psychopathology
In recent years, an effort has been made to conduct classification aimed research from a
person-centered approach as opposed to a variable centered one. The person-centered approach
more readily demonstrates trans-diagnostic relationships and is less limited by a preconceived
structure of psychopathology; referred to by some as a ground up or non-a-priori methodology
(Bianchi et al., 2017). Moreover, this approach can theoretically lead to the generation of
subgroups that are less afflicted by those problems that are associated with many current DSM
diagnostic categories (e.g., comorbidity, heterogeneity).
Beginning in the mid-1990s, researchers have been investigating the person-centered
latent structures of specific childhood rating scales. This initiative seems to have originated out
of a series of publications by Biederman, et al., (1991), Caron and Rutter (1991), and Clarkin and
Kendall (1992) that discussed problems relating to diagnostic comorbidity. In general, findings
across studies have been comparable and have generated evidence to support the existence of
several distinct pathological profiles in childhood. However, many of these studies are limited by
one or more of the following; only a referred or a high-risk sample was used, only a select subset
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of scales was used, only a small age segment was included, participant performance across
subscales were the primary unit of analysis (as opposed to items), only maladaptive scales were
analyzed. I will outline the findings of a selection of these studies below.
A handful of person-centered analyses have been conducted using the Child Behavior
Checklist (CBCL; Achenbach, 1991), a member of the ASEBA family. Several studies with the
CBCL have investigated symptom-based profiles and cross-informant agreement, however, only
within specific domains such as withdrawn behavior (Rubin et al., 2012) or attention and
concentration concerns (Althoff et al., 2010). Per these studies, interrater stability of withdrawn
behavior was found to be low, while stability of attention problems was considered high. Tolan
and Henry (1996) used the CBCL Teacher form to understand patterns of psychopathology in a
high-risk sample of urban-poor children in grades one through six. They generated a four-class
solution framed around the presence of aggression (percentages of cases in the class relative to
the sample are included): 1) no aggression – 84%, 2) aggression and other – 3.6%, 3) aggression
and thought problems – 6.0%, and 4) internalizing without aggression – 6.3%. Connell et al.
(2008) also investigated latent profiles using the CBCL Parent form in a high-risk sample of
preschoolers (ages 2-4). The following classes were derived: 1) Normative, 2) Externalizing, 3)
Internalizing, and 4) Comorbid (Internalizing/Externalizing). Researchers found that class size
varied by age. The externalizing profile, in particular, decreased over time. Using the CBCL
Parent form, Basten et al. (2013) also identified four profiles of psychopathological traits in
children aged five to seven years old. These profiles were characterized in the following way: 1)
Normative – 85.6%, 2) Externalizing problems and emotional reactivity – 7.3%, 3) Internalizing
problems – 5.3%, and 4) Co-occurring Internalizing and Externalizing problems – 1.8%. In a
smaller sample of older children/adolescents (8-14) using the CBCL parent form, De Caluwe, et
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al., (2012) identified six classes: 1) Normative – 42.4%, 2) Moderate attention with
anxious/depressed and social problems – 15.2%, 3) Mild Internalizing – 14%, 4) Severe
Anxious/Depressed and Thought Problems – 7%, 5) Moderate externalizing with
anxious/depressed and social problems – 11.1%, and 6) Dysregulation Profile – 10.3%. Bianchi
et al. (2017) replicated a four-class solution using the CBCL Parent form, a large sample that
included both referred and non-referred children, and a large age range (6-18). The classes found
in this study are as follows: 1) Low Problems – 66.32%, 2) Internalizing – 15. 68%, 3)
Attention/Hyperactivity – 10.19%, and 4) Severe Dysregulated – 7.82%. These classes were
further analyzed to understand relationships with presence/absence of DSM diagnoses and
comorbidity. Significant associations were discovered, and the Severe Dysregulated class was
associated with the presence of multiple diagnoses. This line of LPA research on parent and
teacher forms of the CBCL has demonstrated strong evidence for the existence of at least four
separable and comparable classes across a variety of samples and researchers. Authors of this
project also argued that the severe dysregulated profile supported an expanded “dysregulation
profile”, first identified by Biederman et al. (1995). The original dysregulation phenotype
consisted of anxiety/depression, attention problems, and aggressive behavior elevations on the
CBCL. This pattern was developed into the CBCL Juvenile Bipolar Profile (CBCL-JBP) and has
been associated with severe psychopathology and increased suicidality in youth (Althoff et al.,
2006). However, over the years researchers have argued that the CBCL-JBP is more a measure
of high psychopathological comorbidity (Carlson, 2000) or severe mood dysregulation
(Leibenluft et al., 2003). A study by Ayer et al. (2009) provided some evidence that the CBCLJBP was independent from a measure of general psychopathology. However, several other
research project outside of Bianchi et al. (2017) have provided support for an expanded
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dysregulation phenotype consisting of elevations across social, thought problems, and rule
breaking areas, in addition to the originally specified domains (Basten et al., 2013; Biederman et
al., 2012; Holtmann et al., 2007, 2008; Masi et al., 2015). These studies generally support a
dimensional profile that is rooted in low self-regulation or dysregulation that is not specific to
Bipolar Disorder or represented in any one DSM category.
A series of person-centered analyses of the BASC have demonstrated comparable
findings (DiStefano & Kamphaus, 2006; DiStefano, et al., 2010; Mindrila, 2016; Reynolds &
Kamphaus, 1992). Most recently, Mindrila (2016), using the normative sample of the BASC
Second Edition Teacher Rating Scale – Child (BASC-2 TRS-C) found three broad participant
groupings including an adequate adjustment profile (45.29%), a profile with mild adjustment
difficulties (38.19%), and a profile characterized by functionally impaired adjustment (16.5)
across subscales (hyperactivity, aggression, conduct, atypicality, depression, withdrawal,
attention problems, learning problems, adaptability, and study skills). Elevated domains in the
mild adjustment difficulties profile were on subscales measuring attention difficulties and
learning problems. Comparisons with DSM diagnoses were not conducted. This study was a
replication of an earlier project (DiStefano & Kamphaus, 2006) that found the very similar
classes, although with the mild adjustment difficulties profile substituted with one characterized
by “optimal adjustment”. It is noteworthy that the typical profile from the most recent BASC
LPA does display a surprisingly low mean.
Another recent work in LPA and childhood psychopathology is that of Bonadio et al.
(2016). In their paper, researchers raise a criticism of the above body of literature: that personcentered analyses with instrument subscales as the unit of analysis is influenced by a priori
perspectives on psychopathology (an advantage of the LPA analysis is that it is able to group
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symptoms outside of a preexisting framework). The project conducted by these researchers is the
only study to be located in this literature review that broke down their entire questionnaire by
items as opposed to subscales as the unit of analysis, allowing for a more ground-up approach to
sub-group formation. Rubin et al. (2012) used items and LCA but only across symptoms of
withdrawn behavior. Their sample included a large, clinic-referred group of matched parent/child
dyads aged 9-18 who completed the OS PS. Both youth and parent classes were characterized
similarly (percent of total sample not reported); 1) Normative, 2) Externalizing, 3) Internalizing,
4) High Risk (worthlessness, loneliness, sadness, thoughts of death), and 5) Delinquent
(substance use and rule breaking). Class sizes varied by reporter, and 46.5% of the dyads
matched on class membership. Researchers also covaried age and gender and found differences
in both. In youth responders, participants in the externalizing class tended to be younger, while
those in the internalizing group tended to be older and female. Youth in the high-risk class were
more likely to be female and those in the delinquent class tended to be older and male.
Covariates from parent reporters showed that those in the high-risk class were more likely to be
younger, a finding that contradicts previous research (Rueter & Kwon, 2005). It is important to
note that this sample was 86% Caucasian and high-risk; thus, it is lacking in external validity.
Furthermore, although not expressly acknowledged, this adaption to LPA involves interpreting
Likert type items as interval rather than ordinal level. Likert type data is ordered but lacks an
absolute zero and differences between values are not necessarily consistent or meaningful. This
can translate to issues with taking averages and standard deviations of ordinal values and using
parametric statistics in general. As LPA utilizes maximum likelihood estimation with an
assumed normal distribution to compute estimated parameters; ordinal data may be problematic.
It is also worth noting that this topic applies to the many projects that use subscales as indicators.
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As the debate of how to treat Likert type data has proceeded over the years, some have argued
that these values actually lie somewhere in between ordinal and interval levels, and that with an
ordinal measure of good quality a researcher will arrive at the same conclusions as they would
have with a more appropriate measure (Breakwell et al., 2006; Minium, et al., 1993). Regardless,
this modification does not seem to have been specifically addressed in the literature and further
investigation is warranted.
As described earlier, only four studies were located that investigated latent profiles
derived from both pathological and adaptive indicators, thus considering childhood mental health
from an arguably more valid, dual-factor perspective (Greenspoon & Saklofske, 2001; Suldo &
Shaffer, 2008). Two BASC studies were conducted and are described above. Again, only an
adaptive profile was identified in the earlier study by DiStefano and Kamphaus (2006) However,
the mean for the typical group is intriguingly low in the later study. The other two studies
utilized the TOCA-C with subscale indicators over the following domains: aggressive and
disruptive behaviors, concentration problems, prosocial behaviors, and emotional regulation.
One study by Racz et al. (2016) conducted with a large and representative sample of
kindergarteners identified three latent profiles including a Well-Adapted group (49.7%), a
Concentration Problems group (37.5%), and an At-Risk group (12.8%). The second study was
that of Bradshaw et al. (2015). In this study LPA was conducted with a large and representative
sample was used, consisting of approximately 5–10-year-old children. Four latent profiles were
identified including a Socially-Emotionally Skilled group (33.6% of total sample), a Normative
group (36.5% of total sample), an At-Risk group (23.3% of total sample), and a High-Risk group
(6.6% of the total sample). This study also compared intervention outcomes across the four
profiles and found that group membership moderated several outcomes, providing support for
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the proposition that LPA based groups can increase the precision and overall effectiveness of
treatment. Given that there were only three studies located that generated adaptive profiles, there
is a clear need to replicate these findings with another scale and sample, across a broader age
range and different raters.
Summary
The classification of mental illness has a long history extending back to classical Greek
antiquity. Major developments in psychopathological nosology have broadly paralleled
ideological shifts in western culture (e.g., Christianity, Renaissance, Enlightenment). Modern
classification systems can be credited to the work of Phillippe Pinel during the 1800s. These
seminal nosography’s were influenced by the teachings of Hippocrates and others that were
revitalized during the Renaissance period, along with developments in rudimentary statistics.
Over the next 200 years refinements to the classification of mental illness were made and the
DSM and ICD rose to their current place as the predominate systems of our time.
The influence of early childhood experiences on adult psychopathology went largely
unacknowledged until the work of Sigmund Freud and psychoanalysis. This shift may have been
helped along by enlightenment thinkers such as John Locke, who deemphasized remote and
distal influences on individual functioning (i.e., tabula rasa). Through the 20th century the
description of childhood psychopathology became increasingly prioritized, and the link between
child and adult mental illness has now been well established (Merikangas et al., 2010).
While great strides in the classification of childhood mental illness have been made, the
field continues to be plagued by problems such as diagnostic comorbidity and heterogeneity,
which reduce the relevance and effectiveness of research and treatment. There have been several
theories offered that attempt to account for these issues including; methodological problems with
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the initial symptoms that were chosen to define disorders, shared underlying constructs between
disorders, shared etiological influences such as genetics and family environment, and the
proposed existence of a general latent psychopathology factor (p-factor).
In this paper, I am primarily arguing that our current issues in the classification of
childhood psychopathology stem from methodological issues in the initial delineation of disorder
symptoms. This is related to the statistical analyses researchers utilized to group similar items on
behavioral rating scales (i.e., exploratory and confirmatory factor analysis). It has been suggested
that these analyses are ill-equipped for this task due to their susceptibility to biased or a priori
views on classification their tendency to mask group differences within factors. When factor
analytic models are applied to the population, we are left with issues of comorbidity and
heterogeneity because the analysis does not prioritize homogenous groups, instead, it analyses
items that share variance.
Recent developments in computer processing have enabled researchers to utilize personcentered types of latent variable modeling that may go a long way in addressing diagnostic
comorbidity and heterogeneity and are less influenced by preconceived ideas about the structure
of childhood psychopathology: latent profile analysis. This research project seeks to contribute to
a developing line of research that applies person centered latent variable modeling techniques to
large, nationally representative samples of children who have completed multi-domain
behavioral rating scales.
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CHAPTER III
METHODOLOGY
Prior to explaining the specific phases of the LPA, information regarding participants and
characteristics of the measure used in this study are provided. Following coverage of instrument
psychometrics and normative sample information, the data analysis section of this chapter
outlines the four phases of this LPA: cleaning and preparation, enumeration, profile exploration
and validation, and diagnostic comparisons. As a reminder, this project is guided by the
following research questions and hypotheses:
Q1

Will child and adolescent samples be best characterized by a four-profile solution
as exhibited by the extensive research on the CBCL?

Q2

Will there be evidence to support a dysregulation profile across the BIMAS-2
samples? This profile would consist of the endorsement of high levels of
aggression, attention concerns, and anxiety/depression.

Q3

Are participant groupings in the BIMAS-2 normative sample stable across parent,
teacher, and child raters?

Q4

Are profiles associated with particular DSM diagnoses or groups of diagnoses?

Q5

Will forming latent profiles from the item-level as opposed to the subscale-level
lead to a different latent profile solution?

H1

Based on the previous findings using the adaptive scales on the BASC, it was
hypothesized that a similar latent structure will emerge including a typically
functioning profile, a profile with mild difficulties, and a profile characterized by
severe ratings across indicators.

H2

As a three-class solution was hypothesized, I do not foresee a distinct
dysregulation profile emerging. Similar to the research conducted using the
BASC, it was anticipated that this group of children would exist within a group
characterized by diffuse psychopathology across all domains. In other words, it
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was hypothesized that children who would meet criteria for the dysregulation
profile would be grouped together with children exhibiting a high degree of
psychopathology across all indicators.
H3

Based on previous work on interrater stability, I hypothesized that three primary
latent profiles would be represented by each rater group. However, consistent
with the findings of Bonadio et al. (2016), I predicted that these latent profiles
would differ in terms of size and age. Specifically, I anticipated that the diffuse
group in the parent and teacher samples would be smaller than observed in the
self-report sample, and that the diffuse profile would tend to be older in the parent
and teacher samples compared to the self-report sample.

H4

As I hypothesized three profiles that were more differentiated by level of
impairment or dimensionality, I did not foresee higher or lower rates of specific
DSM diagnoses across profiles. This appeared more likely given the extent of
issues with the DSM that have been described elsewhere. However, as
demonstrated in previous research (Bianchi et al., 2017), I did anticipate that
profiles characterized by higher impairment would be associated with a higher
frequency of diagnoses in general.

H5

Given the theoretical and conceptual value of building disorder subgroups from a
non a-priori index of problematic symptoms, I hypothesized that a latent profile
analysis that did not examine patterns across all discrete symptoms would result
in less profiles being generated. This appeared to be more likely because subtest
scores inherently mask group level elevations on individual items.
Participants

Institutional review board approval for this project was provided on December 12th, 2019
(see Appendix A). This study utilized the normative samples of the BIMAS-2. The authors of
this instrument aimed to gather a nationally representative sample of children/adolescents and
their parents and teachers. In order to accomplish this, the test developers used non-probability
quota sampling, in which raters self-selected/were recruited into the study. The sampling frame
included targets (relative proportions of individuals by age, ethnicity, gender, parental education
level, and geographic location) based on population estimates from the 2006 United States
Census (United States Census Bureau, 2006). The BIMAS-2 normative sample was collected
between March 2007 and May 2009. Participants were gathered by recruiting site coordinators
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from all major regions of the United States through mailing and emailing campaigns. Site
coordinators were compensated for participating in the data collection process. Twenty-five site
coordinators were recruited and instructed to follow standardized procedures (informed consent,
training/debriefing raters). All participants were aware that the ratings were for the BIMAS-2
normative sample. Rating forms with greater than or equal to 10% missing data were excluded
from the sample.
Following data collection, normative groups were statistically weighted relative to
parameters from the census. Parameters included age, sex assigned at birth, parental education
level, race/ethnicity, and geographic location. Within the race/ethnicity category, individuals
who endorsed Native/Aboriginal and multiracial backgrounds were grouped under an “other”
category because of relatively small sample sizes. Per the data provided by the publishers for this
study, the final sample size across all three types of rater groups was 3,464 participants. The
normative sample for teachers included 1,399 participants. 700 participants (50.04%) in this
sample were identified as male by teachers, and 699 (49.96%) were identified as female. The
mean age of this sample was 11.50 years (SD = 4.03), with a range of 5 to 18 years old. The
sample for parents included 1,400 participants, and the sample for children included 703
participants; see Tables 1 – 3 for further demographic and sample weight information.
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Table 1
BIMAS-2 Teacher Form Sample Characteristics
Normative Sample
2006 U.S. Census
(Weighted)
Race/Ethnicity of Rated Youth
N
%
%
Asian
45
3.2
3.8
African American
229
16.0
15.7
Hispanic
202
14.4
15.1
White
861
62.0
61.9
Other
62
4.4
3.5
Total
1,399
100.00
100.00
Note. Teachers rated 50 males and 50 females for each age group; 5 to 18 years. Teachers knew
each student for more than one month. Data were compared to the 2006 U.S. census. The sample
was weighted to more closely match geographic regions from the census. Less than 1.0% (0.7%)
of data were missing.
Table 2
BIMAS-2 Parent Form Sample Characteristics
Normative Sample
(Weighted)
Race/Ethnicity of Rated Youth

2006 U.S. Census

N
%
%
Asian
30
2.2
3.8
African American
214
15.3
15.7
Hispanic
207
14.8
15.1
White
873
62.4
61.9
Other
75
5.4
3.5
Total
1,400
100.00
100.00
Note. The parent ratings of 1,400 children and adolescents, 50 males and 50 females at each age
group from 5 to 18 years old, were included in this sample. Data were compared to the 2006 U.S.
census. Statistical weights were added for parents’ education level and geographic location.
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Table 3
BIMAS-2 Self Report Form Sample Characteristics
Normative Sample
2006 U.S. Census
(Weighted)
Race/Ethnicity of Rated Youth
N
%
%
Asian
28
4.0
3.8
African American
110
15.6
15.7
Hispanic
107
15.2
15.1
White
433
61.6
61.9
Other
25
3.5
3.5
Total
703
100.00
100.00
Note. 700 youth aged 12 to 18 (350 males, 350 females) were included in the sample. Data were
weighted for geographical location.
Instrumentation
The BIMAS-2 is a norm-referenced, 34-item scale designed for behavioral screening and
intervention progress monitoring purposes (see Appendix A.1). To complete the scale, the
appropriate rater answers items anchored on a five-point Likert-type scale. Response descriptors
are preceded by the following phrase with either “I”, “my child”, or “this student” used
depending on the rating form; “During the past week, this student…” Response descriptors
include 0) Never; observed 0 times 1) Rarely; observed 1-2 times or to a minimum extent 2)
Sometimes; observed 3-4 times or to a moderate extent 3) Often; observed 5-6 times or to a
significant extent and 4) Very Often; observed 7 or more times or to an extreme extent. The
BIMAS-2 yields five clinical scales: conduct (nine items), negative affect (seven items),
cognitive/attention (seven items), social (six items), and learning (five items). This assessment
does not provide a total index of behavioral functioning; rather, subscales are designed to be
interpreted independently or relative to past measurements. Standard scores (T-scores in this
case, standardized to a mean of 50 and a standard deviation of 10) are used to describe an
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individual’s score relative to a group of their same aged peers. A T-score of 70 on the BIMAS-2
conduct self-report scale informs the psychologist that their client has endorsed levels of
behavior relating to the conduct scale (fighting, interactions with law enforcement, etc.) at a level
that exceeds that of approximately 98% of his or her same aged peers. It is important to note that,
while the three behavioral concern scales are written such that endorsing high levels on items is
associated with increased concern e.g., “student threatened or bullied others,” the adaptive scales
(social and learning) are written so that endorsing higher levels of the activity is associated with
increases in adaptive behavior e.g., “student attended class.” In other words, on a behavioral
concern subscale, a T score of 70 (two standard deviations above the mean) would be cause for
significant concern, whereas on an adaptive scale, a subscale score of 30 (two standard
deviations below the mean) would raise the alarm. Scores between 60 and 69 (pathological) and
between 40 and 31 (adaptive) are generally considered “at-risk”. Values in between those
mentioned above are described as within the normal or typical range of functioning.
For a test to be useful in research and applied work, it is imperative that it is both reliable
and valid. Reliability analysis refers to the consistency of a measure’s scores when compared
across other scores, across scores from the same individual over time, and across scores for the
same individual between different raters. The technical adequacy of the BIMAS-2, as described
in the technical manual shows scores derived from participants in each normative sample to be of
acceptable reliability. Total sample subscale internal consistency coefficients across raters
ranged from .75 to .91, separate sample subscale test-retest reliability during a 2 to 4-week
period of “business as usual” coefficients ranged from .79 to .96 across raters; and inter-rater
reliability using separate sample coefficients ranged from .59 to .69 across raters. Interrater
consistency was also examined as part of the BIMAS-2 reliability studies. Strong correlations
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were observed between parent and teacher ratings of the same 162 children (r = .79 - .86).
Moderate correlations were observed between teachers and children (r = .54 - .69), and parents
and children (r = .59-.69). See Tables 4-6 for further information on the internal consistency of
the BIMAS-2.
Table 4
BIMAS-2 Teacher Form Cronbach’s Alpha
Sex and Age
Group
Total Sample
5-6
7-9
Combined
10-11
Sex
12-13
14-16
17-18
5-6
7-9
10-11
Male
12-13
14-16
17-18
5-6
7-9
10-11
Female
12-13
14-16
17-18

Behavioral Concern Scales
Negative
Cognitive
Conduct
Affect
Attention
.91
.85
.91
.85
.79
.91
.81
.75
.87
.86
.84
.91
.92
.87
.93
.93
.87
.92
.93
.86
.89
.87
.75
.92
.85
.76
.88
.87
.82
.90
.93
.91
.93
.94
.89
.92
.94
.87
.86
.81
.84
.87
.65
.74
.83
.84
.86
.91
.92
.81
.92
.92
.84
.93
.93
.86
.92

Adaptive Scales
Academic
Social
Functioning
.85
.81
.76
.66
.81
.70
.84
.80
.89
.86
.88
.81
.88
.81
.83
.58
.83
.71
.83
.71
.89
.88
.89
.76
.86
.81
.58
.72
.79
.69
.84
.87
.88
.84
.86
.86
.90
.84
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Table 5
BIMAS-2 Parent Form Cronbach’s Alpha
Sex and Age
Group
Total Sample
5-6
7-9
Combined
10-11
Sex
12-13
14-16
17-18
5-6
7-9
10-11
Male
12-13
14-16
17-18
5-6
7-9
10-11
Female
12-13
14-16
17-18

Behavioral Concern Scales
Negative
Cognitive
Conduct
Affect
Attention
.87
.82
.90
.79
.69
.90
.83
.77
.87
.82
.80
.90
.89
.85
.93
.90
.86
.89
.86
.82
.88
.78
.59
.91
.82
.81
.87
.86
.85
.90
.88
.87
.92
.90
.86
.90
.87
.81
.85
.80
.76
.87
.82
.74
.86
.73
.67
.88
.90
.82
.94
.91
.86
.86
.87
.83
.91

Adaptive Scales
Academic
Social
Functioning
.84
.77
.78
.49
.76
.61
.75
.71
.90
.82
.86
.84
.88
.81
.82
49
.72
.66
.71
.61
.88
.81
.81
.83
.89
.78
.69
.47
.77
.55
.82
.81
.91
.83
.91
.84
.88
.85

Table 6
BIMAS-2 Self-Report Form Cronbach’s Alpha
Sex and Age
Group
Total Sample
12-13
Combined
14-16
Sex
17-18
12-13
Male
14-16
17-18
12-13
Female
14-16
17-18

Behavioral Concern Scales
Negative
Cognitive
Conduct
Affect
Attention
.88
.85
.87
.87
.85
.85
.88
.85
87
.89
.85
.87
.88
.83
.84
.86
.83
.86
.89
.83
.86
.84
.86
.87
.90
.86
.88
.90
.86
.88

Adaptive Scales
Academic
Social
Functioning
.83
.75
.79
.70
.83
.75
.86
.78
.79
.71
.81
.77
.87
.74
.80
.67
.84
.72
.84
.80
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If a test is to be useful to scientists and practitioners, a body of evidence must also be
gathered in support of its validity, or the degree to which the instrument measures the constructs
it was designed to measure, and the evidence it presents to support inferences that can be made
based upon its scores. Preliminary validity evidence of the BIMAS-2 content and design was
provided by a series of studies by Meier (1997, 1998, 2000, 2004) and Lerew (2004). This work
laid the foundation and initial support for an initial pool of items sampling from externalizing
behaviors, internalizing behaviors, attention skills, social functioning, and academic
performance. Evidence of construct validity suggesting that the BIMAS-2 items work together to
measure separable constructs relating to behavioral and adaptive functioning was provided by a
series of confirmatory factor analyses, which yielded acceptable model fit statistics across raters.
Further, BIMAS-2 subscales have been found to be correlated with each other appropriately. In
other words, subscales related strongly enough to suggest that constructs are related, but not so
high that subscales and items are measuring exactly the same constructs (i.e., between .22 and
.71).
Participant scores on the BIMAS-2 were compared to scores on a similar instrument to
provide evidence of convergent validity: the Conners Comprehensive Behavior Rating Scales
(Conners CBRS; Conners, 2008). Correlations between scores on these two measures were found
to match up appropriately, with moderate coefficients overall (i.e., between .31 and .78). Scores
on the BIMAS-2 Conduct scale were found to correlate with the Conners CBRS
Defiance/Aggression and the Violence Potential Indicator, and the DSM-IV-TR Conduct
Disorder and DSM-IV-TR Oppositional Defiant Disorders scales. Correlations ranged from .49
to .78 across all three rater groups. Scores on the BIMAS-2 Negative Affect scale were found to
correlate appropriately with the Conners CBRS Emotional Distress and DSM-IV-TR Major
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Depressive Episode scales. Correlations ranged from .38 to .70 across all three rater groups.
Scores on the BIMAS-2 Cognitive/Attention scale were compared to the Conners CBRS
Hyperactivity/Impulsivity, DSM-IV-TR ADHD-Predominantly Inattentive Type, and DSM-IVTR ADHD Predominantly Hyperactive type scales. Correlations ranged from .46 to .69 across
scales. Scores on the BIMAS-2 Social scale were compared to the Conners CBRS DSM-IV-TR
Autistic Disorder and Asperger’s Disorder scales. Correlations ranged from -.47 to -.71 across
parent and teacher scales and were in the appropriate direction. No comparison was made with
scores from self-report form because the scales are not available on the Conners CBRS-Self
Report. Scores on the BIMAS-2 Academic Functioning scales were compared to the Conners
CBRS Academic Difficulties scale. Correlations range from -.31 to -.41 and were in the
appropriate direction across all rater groups.
An intensive study into the utility/validity of the BIMAS-2 as a screening measure was
also undertaken by the authors. Generally speaking, a screening measure is one that is
appropriately sensitive to clinically significant levels of psychopathology in an individual. In
order to show that the BIMAS-2 is capable of this, a clinical sample was collected that included
ratings from youth that had previously been diagnosed under the following categories: Disruptive
Behavior Disorders (DBD; including Oppositional Defiant Disorder and Conduct Disorder);
Attention-Deficit/Hyperactivity Disorder (ADHD); Anxiety (including Obsessive Compulsive
Disorder, Social Phobia, and Generalized Anxiety Disorder; Depression (including Dysthymia
and Major Depressive Disorder); Pervasive Developmental Disorders (PDD; including
Asperger’s Disorder and Autistic Disorder); Learning Disorders (LD; only teacher report);
Developmental Delay (DD; only teacher report), and Other Clinical (i.e., specific learning
disorder outside of the teacher sample and highly comorbid cases).
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See Table 7 for a breakdown of the clinical sample by diagnosis, and Table 8 for demographic
information on the clinical sample, which was adopted from the BIMAS-2 technical manual
(Meier, et al., 2016).
Table 7
BIMAS-2 Clinical Samples: Primary Diagnosis by Rater
Teacher
Clinical Group
N
%
Disruptive Behavioral Disorders
123 22.9
Attention Deficit/Hyperactivity
109 20.3
Disorder
Anxiety
55 10.2
Depression
60 11.2
Pervasive Developmental Disorders 95 17.7
Learning Disorders
45
8.4
Developmental Delay
30
5.6
Other Clinical
21
3.9
Total 538 100.0
Note. n/a = not applicable.

Rater
Parent
Self-Report
N
%
N
%
70
15.0
65
18.6
117 25.1
89
25.4

Total
N
285
315

67
73
86
n/a
n/a
54
467

178
195
246
45
30
88
1,355

14.3
15.6
18.4
n/a
n/a
11.6
100.0

56
62
65
n/a
n/a
13
350

16.0
17.7
18.6
n/a
n/a
3.7
100.0

Table 8
BIMAS-2 Clinical Samples: Demographic Characteristics
Rater
Parent

Teacher
Demographic Characteristics of
Youth
Male
Sex
Female
Asian
African
American
Race/Ethnicity
Hispanic
White
Other
Total
Age M(SD)

Self-Report

Total

N

%

N

%

N

%

N

300
238
2
103

55.8
44.2
0.4
19.1

274
193
3
102

58.7
41.3
0.6
21.8

180
170
2
86

51.4
48.6
0.6
24.6

754
601
7
291

49
9.1
342 63.6
42
7.8
538 100.0
13.93 (3.31)

49
10.5
280 60.0
33
7.1
467 100.0
12.78 (3.44)

44
12.6
203 58.0
15
4.3
350 100.0
14.71 (1.86)

142
825
90
1,355
-
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Several classification analyses were conducted to determine the degree to which elevated
scores on the BIMAS-2 could accurately identify the cases in the clinical sample that had been
previously associated with a diagnosis. Cut scores of one standard deviation above the mean for
the Behavioral Concern scales (T ≥60) and one standard deviation below the mean for Adaptive
Skills scales (T ≤40) were used. The specific methodology utilized was discriminate function
analysis. Result indicated that these cut scores could indeed identify clinically significant levels
of pathology with acceptable sensitivity and specificity across all rater groups. See the BIMAS-2
technical manual for further information on reliability and validity in the normative sample and
instrument.
Data Analysis
The data analysis for this project can be distilled into four phases: data cleaning and
preparation, enumeration, profile exploration and validation, and diagnostic comparisons. As
detailed earlier, the LPA procedure utilizes model based, unsupervised statistical techniques that
allow for the identification of disparate response patterns across participants with multiple
continuous indicators as inputs. In other words, individuals that participated in the norming of
the BIMAS-2 will be grouped together based on the similarity of their responses to all test items;
and again by their scores across all five subscales in separate LPAs. In this case, the
unsupervised statistical technique referred to above is an expectation maximization algorithm,
which functions in two steps. First, within profile parameters (i.e., mean, variance, and
covariance) are estimated based on observed data using statistical properties of an assumed
Gaussian distribution and each case in the respective data set is assigned a prior probability of
profile membership. This is the “expectation” step of the algorithm. Second and per the
“maximization” step, data are re-analyzed, again using statistical characteristics of the normal
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distribution but this time with the updated prior probabilities of profile membership. This process
is repeated until within profile parameters stabilize and convergence is reached, resulting in a
final maximum likelihood estimate of model parameters, which is then transformed into a log
likelihood value (LL) for later use in calculating information criteria (IC) or evaluating
statistically unlikely improvements in model fit (i.e., via the bootstrapped likelihood ratio test;
BLRT). It is not uncommon for various LPA models to fail to reach convergence (Lubke &
Neale, 2006). This seems to be more likely when a high number of profiles are input for analysis
(i.e., at higher levels of k) or when data parameters are mis-specified (e.g., observed data do not
actually covary; Peugh & Fan, 2013).
The most basic, commonly applied, and restricted LPA model assumes that indicators are
uncorrelated within groups, that covariance between profiles is nonexistent, and that variances
are equal across profiles (i.e., conditional independence and homogeneity of variance)
conditional on correct profile enumeration. However, a benefit of finite mixture modeling is that
these assumptions can be relaxed, and profiles can be allowed to have different within group
variances or overlap with other groups to a degree. These adaptations in model parameterization
have been associated with increased likelihood for generating “correct” LPA solutions in
simulation studies (Peugh & Fan, 2013), likely because they allow models to more closely
approximate relationships in observed data. The four different model parameterizations utilized
in this study are re-specified in the enumeration phase.
Profile enumeration across each sample, each level of analysis, and each age group will
yield 10 total LPA solutions. After final parameters are estimated, each case within a data set is
assigned to a profile of which it was “most likely” a member of based on the final maximation
likelihood estimate. At this point, the characteristics of each profile are explored and interpreted.
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This is represented in phase three and four by the generation of descriptive statistics for each
LPA solution, comparisons across profiles in each solution, and comparisons of DSM diagnoses
across each profile. The four phases are more finely detailed throughout the remainder of this
chapter.
Phase 1: Cleaning and Preparation
Once the separate data files were acquired, each was cleaned following the same
procedures. Each variable was investigated to determine its relevance to the study, distribution,
and degree of missingness. Data were also screened for outliers and entry related anomalies.
Once the final variables were chosen, patterns in missing data were evaluated using Little’s
(1988) Missing Completely at Random test (MCAR) test which did indicate associations
between missingness and other observed variables. These relationships were further investigated
for statistically unlikely patterns using association rules (Hahsler & Hornik, 2007). Mining for
association rules with missingness in a data set consists of calculating a variable’s prior
probability of being missing based on observed data, and then applying an algorithm to estimate
the degree to which missingness in other variables increases the prior probability of the variable
of interest being missing. A Fisher’s Exact Test is then preformed to test the statistical likelihood
of changes from prior to posterior probabilities. After missing data patterns were explored and
managed, missing items were replaced with age corrected mean values, as LPA requires
complete data. Missing demographic and other extraneous data were left unchanged. Once
complete data files were created, they were again split into separate files consisting of children
(i.e., ages 5 to 11) and adolescents (i.e., 12 to 18). This helps to account for developmental
differences in the course of psychopathology that may otherwise manifest as a latent variable.
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These different age ranges are also commonly utilized by other similar behavioral and emotional
questionnaires that have been used with LPA and applying separate age groups in this study will
likely assist in comparing across studies.
Phase 2: Enumeration
The enumeration phase consists of estimating a variety of model parameter combinations
(i.e., mean, variance, and covariance) across an iteratively increasing number of profiles (k). In
this study, means were always freely estimated. Additional models (different combinations of
parameter estimation) that were estimated include the following: M1) constraining variances to
be equal across profiles and covariances set to zero; M2) freely estimating variances across
profiles and allowing them to differ but not allowing covariance; M3) constraining variances to
be equal and estimating covariances between profiles while also constraining them to be equal;
and M6) by freely estimating both variances and covariances across profiles. As log likelihood
values and information criteria tend to indicate better fit for more complex models (those that
estimate more parameters), extra care was taken when considering a more complex model over
one with that is more parsimonious (i.e., M1). Enumeration for each sample began by estimating
a null model with k = 1 profile across all four parameterizations, to which k + 1 models were
then compared with. Changes in penalized log likelihood values (decreases in Akaike
Information Criteria, Bayesian Information Criteria, and Consistent Akaike Information Criteria;
AIC, BIC, and CAIC) were then visually assessed. Improvements model fit (i.e., LL values
closer to zero) were statistically tested using a Bootstrapped Likelihood Ratio Test (BLRT;
McLachlan & Peel, 2000).
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Model fit across solutions during the enumeration phase was also examined in the context of
entropy, minimum profile size (NMIN), parsimony, and substantive theoretical relevance
(Nylund, et al., 2007). Entropy cut-offs of .80 and minimum profile sizes of n less than or equal
to five percent of the total sample were utilized (Modecki et al., 2015; Tein et al., 2013).
To aid in determining the final selection of latent profiles, item and subscale means were
analyzed to determine the defining characteristics of each profile. In order to help differentiate
between high, average, and low values, and to continue to account for developmental
differences, item means within each class were standardized and age corrected based on the
mean and standard deviation of the item from the age specific subsample, yielding age adjusted
z-scores. A standard score from .5 to .9 standard deviations away from the mean was classified
as a symptom “mild” severity. A score from 1 to 1.9 standard deviations away from the mean
represents a symptom of “moderate” severity. A standard score that is greater than or equal to 2
standard deviations away from the mean was considered a symptom of “extreme” severity.
Values are further defined as “high” or “low” given the differences in the direction of
maladaptive versus adaptive scales. The information gathered about the number of latent profiles
and mean values across indicators was used to answer research questions one and two.
Phase 3: Profile Exploration
and Validation
Following the final selection of latent profiles, each case within a data set was assigned to
its most likely profile based on estimated prior probabilities and descriptive information about
the individuals who make up the profiles was gathered. The greater the overlap in profile
characteristics with known or previously demonstrated criteria (parent education level, etc.), the
more evidence of external validity is gathered for profiles. One-way analyses of variance
(ANOVAs) will be used to test for statistically significant differences across the mean ages of
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different profiles. A Pearson chi-square test of independence will be used to evaluate unlikely
counts of various demographic variables across profiles. If conditions are present in which
greater than 20% of cells in the expected contingency table are filled with less than five
participants, p-values will be computed with Monte Carlo simulation using 2000 replicates
(Agresti, 2002; Hope, 1968; Mehta & Patel, 1996). This type of resampling procedure has been
shown to be a powerful and reliable substitute for the chi-square test when recommended
frequencies are not present and the asymptotic assumption of the chi-square test cannot be
reasonably met (Mehta & Patel, 1996). It functions by using information about a cross
tabulation to randomly generate samples that form a reference distribution with the appropriate
cell counts that can then be used to compare observed values too. Observed values are compared
to the reference or “null” distribution as opposed to the approximate chi-square distribution, to
compute p-values. The alpha level for the three tests mentioned above will be set at 95%. In the
event of a significant test, post hoc analyses will be conducted to compare different levels
(profiles in this case). Tukey’s honest significant difference test will be used to compare specific
age means across profiles. In the event that the chi-square statistic or simulated p-value are
significant, standardized residuals will be analyzed using a Bonferroni-corrected p-value
(Beasley & Schumacker, 1995) to control for inflated type-one error rates with multiple
comparisons.
Profile solutions are compared across raters to address the third research question
regarding interrater stability. As the LPA process will be replicated using subscales from the
BIMAS-2 as the unit of analysis, comparisons will also be made within samples between itemlevel and subscale-level solutions to address the fifth research question.
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Phase 4: Diagnostic Comparisons
To answer research question four, additional analyses investigating the relationship
between DSM diagnoses and profile membership will be conducted as demonstrated by Bianchi
et al. (2017). In this study, researchers examined their final class solution for statistically
significant proportions of diagnosed individuals using the chi square test of independence. A
similar analysis will be conducted using the BIMAS-2 clinical sample after the final profile
solution has been determined. However, given that individuals within the normative samples do
not have a diagnostic variable, 70 cases (roughly 10% of each sample) will be coerced to fit
within the established solutions. This proportion was chosen to balance concerns for
underrepresentation of psychopathology that would lead to low cell counts with
overrepresentation that could lead to contamination of profiles. Following this process, profiles
will be inspected to ensure that descriptive statistics and estimated parameters approximate the
original groups. Then the observed frequency of individuals with certain diagnoses within each
profile will be compared with expected frequencies to ascertain whether or not a profile is
associated with a particular diagnosis or group of diagnoses. All analyses will be conducted
using R (R Core Team, 2013). LPA estimation will be conducted using the R software package
tidyLPA (Rosenberg, et al., 2018).
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CHAPTER IV
RESULTS
Overview
This chapter is organized in accordance with the four LPA phases outlined in the data
analysis section of the methods chapter, which include: data cleaning and preparation,
enumeration, profile exploration and validation, and diagnostic comparisons. Phases two and
three are separated into LPAs across different raters, which are further split by age and level of
analysis. The details of phase two and three are proceeded by a short paragraph reminding the
reader of specific language and processes involved with the LPA. Research questions one and
two, which relate to the overall number of BIMAS-2 profiles and their defining characteristics,
will be answered using information from phases two and three. The third research question,
which aims to evaluate the interrater stability of profiles, will be answered using information
from phase three that has been reorganized to be more interpretable. Research question four,
regarding relationships between BIMAS-2 profiles and DSM diagnoses, will be addressed with
data generated during phase four. Finally, item-level and subscale level approaches will be
compared and contrasted using data from phases two through four in order to answer research
question five.
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Phase 1: Data Cleaning and Preparation
After inspecting all variables within the three samples, specific demographic and
extraneous variables outside of items and subscale scores were selected. Within the teacher data
set, these included the following: sex, age, ethnicity, number of months the teacher had known
the child, and a rating of how well the teacher knew the participant (i.e., only a little, moderately
well, or very well). Variables included in the parent data set included sex, age, ethnicity, parent
education level (i.e., high school or less, college or apprenticeship, four -year university or
greater), the rater’s relationship to the child (e.g., biological mother, relative, non-relative, etc.),
and who the child lived with (i.e., both parents, biological mother, biological father, other).
Variables included in child and adolescent data sets included (sex, age, ethnicity, parent
education level, who the child lives with, the relation of the adult who completed the child’s
consent, and if the form was read by the child, an administrator, or someone else.
Variables were then assessed for missingness. Across the rater samples there were a total
of 325 missing cells amongst the items, and 510 missing cells across extraneous variables (less
than 1% missing data overall). Using association rules, of nine significant relationships within
the teacher sample, eight were flagged as significant but negligible due to a low count (n = 1 in
this case). The final rule indicated that the prior probability of ‘number of months a teacher knew
a participant’ missing increased by a factor of 47, p < .05 with a count of eight if the rating of
how well the teacher knew the individual was also missing. There were no significant item-wise
relationships. Within the parent sample, only one significant rule was flagged involving items 32
and 33, which was deemed negligible due to low count (n = 2). Four significant rules were
flagged within the self-report sample, one of which was rejected due to low count (n = 2). The
other three involved the relation of the consenting adult to the child, who the child lived with,
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and parent education level. Missing the relation item increased the likelihood of missing the
parent education question by a factor of 5.05, p < .05, with a count of 54. Missing the parent
education item increased the likelihood of missing the question about who the child lived with by
a factor of 3.87, p < .05, with a count of 63. Missing the relation item increased the likelihood of
also missing the item about who the child lived with by a factor of 3.63, p < .05, with a count of
108. These patterns of potentially non-random missing data in extraneous variables will be
important to keep in mind during the profile validation phase. Since no significant patterns were
flagged across BIMAS-2 items, the 325 missing cells were replaced with age-corrected item
means. After complete data files were computed, parent and teacher files were split into child
(ages 5-11) and adolescent (ages 12-18) samples to control for natural developmental variation in
the expression of psychopathology. The self-report sample was not split as it only contained an
adolescent group.
Phase 2: Enumeration
The goal of the enumeration phase in LPA is to recursively test and explore a variety of
candidate LPA models. As this study compares solutions across raters, level of analysis, and
developmental level, there is a substantial amount procedural information included below. Given
that the process of choosing a final LPA solution can be ambiguous, it is important that the
process and overall reasoning behind model selection be documented. The reader who is familiar
with enumeration-related decision making may wish to begin with an examination of Table 9,
which details a final selection of candidate models, and then reference the text for specific notes
on rationale.
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As a reminder, k refers to the number of profiles estimated in a model, and y refers to
LPA indicators (i.e., BIMAS-2 items and subscales in this case). Models are further delineated
by one of four different parameterizations, which each represent an easing of conditional
independence and homogeneity of variance assumptions to more realistically accommodate
observed data. Model parameterizations include the following: M1) constraining variances to be
equal across profiles with covariance set to zero; M2) freely estimating variances across profiles
with covariance set to zero M3) constraining variances to be equal and estimating covariances
between profiles while also constraining them to be equal; and M6) by freely estimating both
variances and covariances across profiles.
Each enumeration process begins the same way, with the estimation of null model
including only one profile (i.e., k = 1) across all four model types (i.e., M1, M2, M3, and M6). At
this point, models that fail to converge initially are discarded. Then one profile is added to a
model, and the qualities of this model are compared to the previous (k – 1) model, and across all
remaining model types. Qualities examined in this study included log likelihood (LL) values,
penalized LL statistics (i.e., Akaike Information Criteria, AIC; Consistent Akaike Information
Criteria, CAIC; and Bayesian Information Criteria, BIC), overall classification accuracy (i.e.,
entropy), and minimum profile size relative to the overall sample (NMIN). Changes in LL with
the addition of profiles (k + 1) were evaluated using the Bootstrapped Likelihood Ratio Test
(BLRT; McLachlan & Peel, 2000). The BLRT functions by comparing the LL of one model to
that of another with one less profile (k – 1). If the BLRT p-value is significant at p < .05, there is
evidence to reject a null hypothesis of no change in LL. Models were estimated with increasing
numbers of profiles until either all BLRT p-values were non-significant, minimum cut-offs for
NMIN or entropy were exceeded, or all models failed to converge. As a final step in the
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enumeration phase, profiles were plotted and visually inspected in order to help decrease the
likelihood of overfitted models, reduce the possibility of uninterpretable models, and to assist in
choosing between equally plausible models.
Teacher Rater - Adolescent Items
To begin with, a null model of k = 1 across all four parameterizations was estimated with
item responses from the teacher sample. M2 and M6 failed to converge and were excluded from
the subsequent comparisons. Next, k was iteratively increased until minimum profile sizes were
consistently less than four percent of the total sample. This occurred across M1 and M3 at k = 6
and was replicated at k =7, which were then both ruled out as candidate solutions.
Comprehensive model fit statistics were printed and/or plotted at this time, see Table 9 for a
selection of fit statistics from the most competitive solutions across all samples and indicators.
The five-profile estimation for M1 was also ruled out due to it containing a group that consisted
of only three percent of the total sample, along with k = 1 through k = 3 across both models due
to decreasing information criteria (IC) and significant BLRT values. Importantly, the small group
that was ruled out represented a higher functioning profile. The existence of this group allowed
for a much flatter typical group. At this point, M1 and M3 both indicated a four-profile solution.
While the log-likelihood values were lower for M3, entropy was notably higher for M1 (i.e., .90
versus .95, respectively). Profiles for both solutions were plotted and assessed for parsimony and
theoretical relevance at this time, and M1, k = 4 was chosen as the final solution for the
adolescent teacher item LPA.
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Teacher Rater - Adolescent
Subscales
M6 also failed to converge for the null model of the subscale analysis and was
eliminated at this time. M2 failed to converge after k = 4. Subscale profiles were generated
across the remaining models until size limits were again exceeded at k = 7. Fit statistics at this
time allowed for all M3 solutions to be ruled out due to low entropy (less than .80). M1 k = 1
through k = 3 were discarded due to IC and BLRT values. M1 k = 5 was eliminated due to small
profile size, leaving M1 k = 4 and k = 6, and M2 k = 3 and k = 4 as competitive final solutions.
The same relationship between decreasing M1 k = 5 to k = 4 that was observed in the item-level
analysis was replicated with subscales. M1 k = 4 was eventually chosen as the final adolescent
teacher subscale LPA model over M2 k = 4 because of entropy values, and over M2 k = 3 on the
basis of profile interpretability.
Teacher Rater - Child Items
M2 and M6 failed to converge with item indicators across the child teacher sample.
Competitive M3 solutions were ruled out due to small profile size, along with M1 k > 6, leaving
M1 k = 5 through k = 6 as final candidates. M1 k = 6 was selected as the final teacher child item
LPA on the basis of IC and BLRT values.
Teacher Rater - Child Subscales
All models converged with subscale indicators across the child subscale sample. Model
estimation was stopped at k > 6 due to rising IC and non-significant BLRT values. M3 and M6
solutions were ruled out due to low entropy. M1 and M2 estimations at k < 4 were eliminated
due to decreasing IC and significant BLRT values, leaving M1 k = 4 and M2 k = 5 through k = 6
as final candidate solutions.
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Fit statistics disagreed across M1 and M2 solutions and entropy was minimally better for M1,
along with profile interpretability and separation. M1 k = 4 was eventually selected as the final
teacher child subscale solution.
Parent Rater - Adolescent Items
M2 and M6 did not converge across the adolescent parent sample with items as
indicators. M1 k > 5 and M3 k > 4 were eliminated based on profile size. M1 k = 1 through k = 3
and M3 k = 1 through k = 3 were ruled out due to IC and significant BLRT values, leaving M1 k
= 4 through k = 5, and M3 k = 3 as final candidates. Upon profile examination, M3 k = 3 and k =
4 profiles were considered to be less interpretable due to a low degree of separation and were
ruled out. It was difficult to choose between the remaining four and five profile solutions for M1.
Qualitatively, k = 5 showed all the same participant groups as k = 4, but with the higher
functioning (the lowest scores on behavioral concern scales and highest on adaptive) group split
into two profiles; one in which adaptive items (i.e., social and learning related) remained very
high, and another in which they were very low. Unfortunately, the evidence supporting the
existence of the “low adaptive” profile was tenuous, given that it consisted of four percent of the
total adolescent parent sample (i.e., 27 participants in this case). Furthermore, this type of profile
has not been identified in the literature, although a similar pattern was later found in the self
report item-level analysis. Ultimately, the M1 k = 4 solution was selected as the final adolescent
parent-report item-level LPA model.
Parent Rater - Adolescent
Subscales
All models converged across the adolescent parent sample with subscales as indicators.
After eliminating solutions with decreasing IC or small profiles, M1 k = 4, M2 k = 5, and M6 k =
5 were left. Interestingly, the M1 k = 5 subscale solution did replicate the “low adaptive” profile
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mentioned in the above analysis (i.e., adolescent parent items), however, in this case the smallest
profile was only two percent of the overall adolescent sample. M2 k = 5 was chosen as the final
solution on account of it being the only one with minimally acceptable entropy. This estimation
also had two profiles with low levels of behavioral concerns that were highly differentiated by
adaptive scales. However, the actual estimated mean values for this “low adaptive” group were
much closer to average.
Parent Rater - Child Items
Similar to adolescent items, M2 and M6 did not converge across the child parent sample
with items as indicators. Solutions with k > 5 were ruled out due to profile size, and those with k
< 3 for M1 and k < 2 for M3 were eliminated due to decreasing IC and significant BLRT values.
This left M1 k = 4 and M3 k = 3 as the final candidate solutions. IC criteria disagreed on the best
model, with BIC selecting M3 and CAIC indicating M1. While entropy was slightly lower, M1 k
= 4 was ultimately determined to be a more parsimonious and interpretable solution.
Parent Rater - Child Subscales
While all models converged across the child parent sample with subscales as indicators,
entropy values failed to exceed .80 for any solution, indicating less than ideal classification
across models. Solutions with the lowest IC and highest entropy were considered as candidates,
including M1 k = 3, M2 k = 5, M3 k = 4. No entropy coefficients from M6 exceeded .70 and all
solutions were ruled out. Even though M1 k = 3 had the highest entropy value, M3 k = 4 was
selected as the final solution after careful consideration of all other fit statistics as a whole, in
conjunction with the interpretability of the profiles.
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Self Rater - Adolescent Items
M2 and M6 failed to converge across the self rater sample with items as indicators.
Solutions with k > 6 were ruled out due to profile size or non-significant BLRT values. M3 k = 5
was eliminated because of profile size. Competitive final estimations included M1 k = 5, M1 k =
6, and M3 k = 4. IC were marginally lower for M1 k = 6 relative to k = 5 and the latter was ruled
out. IC disagreed on M1 k = 6 and M3 k = 4, and the M1 solution was ultimately chosen on the
basis of profile interpretability.
Self Rater - Adolescent Subscales
M2 and M6 indicated again indicated convergence issues at higher levels of k. However,
M2 k < 6 did converge, along with M6 < 3. Estimations at k > 7 were rejected due to profile size.
Solutions from M3 and M6 were then ruled out due to low entropy. M1 k < 6 and M2 k < 5 were
eliminated on account of decreasing IC, leaving M1 k = 6 and M2 k = 5 as final candidates.
While this was another difficult decision, M1 k = 6 was eventually selected as the final solution
based on the interpretability of profiles.
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Table 9
LPA Model Fit Statistics
Rater/y
Ages

Teacher/I
tem
12-18

Teacher/
Subscale
12-18

Teacher/
Item
6-11

Teacher/
Subscale
6-11

Model

k

LL

BIC

CAIC

NMIN

Entropy

BLRT p

1
1
1
1
3
3
3
3
1
1
1
1
2
2
1
1
1
1
3
3
3
3
1
1
1
2
2
2
3
3
3
6
6
6

3
4
5
6
3
4
5
6
3
4
5
6
3
4
4
5
6
7
4
5
6
7
4
5
6
4
5
6
4
5
6
4
5
6

-30027.9
-29594.8
-28974.5
-28935.8
-26310
-26155.8
-26088.59
-25492.67
-12256.4
-12226.7
-12156.1
-12125.7
-12117.4
-12002.68
-29586.8
-29335
-29084.7
-28779.7
-26824.4
-26667.7
-26566.7
-26427.6
-12031.1
-12027
-12017.8
-11985.3
-11926.3
-11899.3
-11990.9
-11988
-11987.9
-11861.2
-11816.1
-11787

60959.66
60322.67
59311.37
59463.14
57198.16
57119.08
57213.87
56251.25
24656.93
24636.8
24534.85
24513.39
24444.41
24287
60306.98
60032.57
59761.25
59380.58
58457.32
58373.15
58400.47
58351.47
24245.63
24276.77
24297.64
24252.36
24206.39
24224.36
24230.78
24264.31
24303.43
24266.13
24313.46
24392.83

61097.66
60495.67
59519.37
59706.14
57897.16
57853.08
57982.87
57055.25
24678.93
24664.8
24568.85
24553.39
24476.41
24330
60479.98
60240.57
60004.25
59658.58
59191.32
59142.15
59204.47
59190.47
24273.63
24310.77
24337.64
24295.36
24260.39
24289.36
24268.78
24308.31
24353.43
24349.13
24417.46
24517.83

0.08
0.07
0.03
0.02
0.12
0.06
0.03
0.02
0.12
0.05
0.03
0.04
0.19
0.11
0.06
0.06
0.06
0.03
0.03
0.03
0.02
0.01
0.06
0.05
0.05
0.17
0.09
0.08
0.14
0.12
0.09
0.09
0.09
0.07

0.95
0.95
0.94
0.94
0.87
0.90
0.90
0.92
0.81
0.82
0.80
0.82
0.83
0.78
0.94
0.94
0.93
0.94
0.92
0.95
0.94
0.95
0.82
0.77
0.70
0.78
0.81
0.81
0.46
0.54
0.47
0.70
0.73
0.77

0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.20
0.02
0.01
0.01
0.01
0.68
0.40
0.89
0.07
0.01
0.12
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Table 9, continued
Rater/y
Model
Ages
1
1
1
Parent/
1
Item
3
12-18
3
3
3
1
1
1
1
2
2
Parent/
2
Subscale
2
12-18
6
6
6
1
1
1
Parent/
1
Item
3
6-11
3
3
3
1
1
1
2
2
Parent/
Subscale
3
6-11
3
3
6
6
6

k

LL

BIC

CAIC

NMIN

Entropy

BLRT p

3
4
5
6
3
4
5
6
3
4
5
6
3
4
5
6
3
4
5
3
4
5
6
3
4
5
6
3
4
5
3
5
3
4
5
3
4
5

-29948.3
-29670.2
-29254.5
-28629.5
-26925.7
-26793.5
-26761.5
-26401
-12065.3
-12000.7
-11935.2
-11898.4
-12012.7
-11936.7
-11862.8
-11813.5
-11813.06
-11777.77
-11738.4
-31380.3
-31076.8
-30147.6
-29905.7
-29324.9
-29135
-28329
-28208.3
-12116.9
-12090.5
-12063.7
-12094.1
-12003.2
-12027.8
-12000.3
-11997.7
-11954.3
-11926.7
-11896.5

60800.67
60473.77
59871.59
58850.84
58430.65
58395.4
58560.74
58069.03
24274.75
24184.86
24093.06
24058.86
24235.09
24155.07
24079.35
24052.86
24032.28
24099.28
24158.11
63664.65
63286.97
61657.73
61403.35
63229.08
63078.4
61695.78
61683.69
24377.83
24364.51
24350.09
24397.83
24360.12
24265.21
24249.58
24283.58
24314.81
24397.2
24474.38

60938.67
60646.77
60079.59
59093.84
59129.65
59129.4
59329.74
58873.03
24296.75
24212.86
24127.06
24098.86
24267.09
24198.07
24133.35
24117.86
24094.28
24182.28
24262.11
63802.65
63459.97
61865.73
61646.35
63928.08
63812.4
62464.78
62487.69
24399.83
24392.51
24384.09
24429.83
24414.12
24297.21
24287.58
24327.58
24376.81
24480.2
24578.38

0.16
0.12
0.04
0.01
0.11
0.12
0.01
0.01
0.16
0.13
0.02
0.02
0.22
0.16
0.12
0.03
0.13
0.14
0.04
0.09
0.06
0.01
0.01
0.10
0.06
0.01
0.01
0.12
0.10
0.07
0.18
0.04
0.12
0.06
0.06
0.21
0.18
0.1

0.93
0.89
0.92
0.96
0.81
0.91
0.88
0.91
0.83
0.79
0.81
0.80
0.83
0.83
0.80
0.83
0.70
0.68
0.75
0.91
0.88
0.90
0.92
0.94
0.94
0.95
0.96
0.76
0.73
0.72
0.75
0.74
0.49
0.73
0.65
0.69
0.68
0.68

0.01
0.01
0.01
0.01
0.01
0.01
0.06
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
-a
0.01
0.01
0.35
0.01
0.02
0.02
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Table 9, continued
Rater/y
Model k
LL
BIC
CAIC
NMIN Entropy BLRT p
Ages
1
3 -30112.1
61128.25 61266.25
0.16
0.94
0.01
1
4 -29799.2
60731.73 60904.73
0.12
0.92
0.01
1
5 -29438.39 60239.41 60447.41
0.09
0.92
0.01
Self/
1
6 -29301.28 60194.47 60437.47
0.07
0.89
0.01
Item
3
3 -27793.09 60165.38 60864.38
0.17
0.92
0.01
12-18
3
4 -27496.96 59802.42 60536.42
0.09
0.93
0.01
3
5 -27466.58 59970.95 60739.95
0.01
0.91
0.07
3
6 -27430.42 60127.91 60931.91
0.03
0.87
0.06
1
3 -12320.2
24784.53 24806.53
0.2
0.82
0.01
1
4 -12271.97 24727.38 24755.38
0.06
0.82
0.01
1
5 -12200.34 24623.42 24657.42
0.07
0.80
0.01
1
6 -12166.34 24594.72 24634.72
0.06
0.80
0.01
2
3 -12285.58
24780.8
24812.8
0.22
0.82
0.01
2
4
-12174.17
24630.03
24673.03
0.06
0.83
0.01
Self/
Subscale
2
5 -12115.41 24584.58 24638.58
0.06
0.83
0.01
12-18
3
3 -12142.91 24495.45 24527.45
0.19
0.59
0.01
3
4 -12115.7
24480.34 24518.34
0.03
0.66
0.01
3
5 -12108.66 24505.57 24549.57
0.03
0.63
0.01
3
6 -12104.31 24536.18 24586.18
0.03
0.58
0.01
6
4 -11996.62 24536.97 24619.97
0.10
0.70
0.09
6
6 -11841.63 24502.15 24627.15
0.06
0.70
0.20
Note. y = indicator, LL = Log Likelihood, BIC = Bayesian Information Criteria, CAIC =
Consistent Akaike Information Criteria, NMIN = the percentage of participants in the smallest
profile, and BLRT is the p-value for the Bootstrapped Likelihood Ratio Test (alpha level set at
.05). ak = 4 did not converge so BLRT p-value was not computed
Phase 3: Profile Exploration and Validation
Following final model selection in the enumeration phase, standardized item means were
plotted and are represented graphically in Figures 1-10. Demographic and extraneous variables
for each LPA solution are tabulated in Tables 10-20. This information will primarily be used to
answer research questions one and two, which relate to the number and characteristics of each
latent profile. As noted earlier, one-way analyses of variance (ANOVAs) will be used to test for
statistically significant differences across the mean ages of different profiles. Pearson’s chi-
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square test of independence will be used to evaluate unlikely counts of various demographic
variables across profiles. If conditions are present in which greater than 20% of cells in the
expected contingency table are filled with less than five participants, p-values will be computed
with Monte Carlo simulation using 2000 replicates (Agresti, 2002; Hope, 1968; Mehta & Patel,
1996). This type of resampling procedure has been shown to be a powerful and reliable substitute
for the chi-square test when recommended frequencies are not present and the asymptotic
assumption of the chi-square test cannot be reasonably met (Mehta & Patel, 1996). It functions
by using information about a cross tabulation to randomly generate samples that form a reference
distribution with the appropriate cell counts that can then be used to compare observed values
too. Observed values are compared to the reference or “null” distribution as opposed to the
approximate chi-square distribution, to compute p-values. Monte Carlo simulated p-values will
be proceeded by the word “simulated” to help differentiate when the resampling method was
performed. The alpha level for the three tests mentioned above will be set at 95%. In the event of
a significant test, post hoc analyses will be conducted to compare different levels (profiles in this
case). Tukey’s honest significant difference test will be used to compare specific age means
across profiles. In the event that the chi-square statistic or simulated p-value are significant,
standardized residuals will be analyzed using a Bonferroni-corrected p-value (Beasley &
Schumacker, 1995) to control for inflated type-one error rates with multiple comparisons.
When interpreting item-level graphs, it will likely be helpful to have BIMAS-2 items
close at hand, which are reported in Appendix B. As noted previously, a standard score from .5
to .9 standard deviations away from the mean will be classified as a symptom of “mild” severity
and a score from 1 to 1.9 standard deviations away from the mean will represent a symptom of
“moderate” severity. A standard score that is greater than or equal to 2 standard deviations away
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from the mean will be considered a symptom of “extreme” severity. Values are further defined as
“high” or “low” given the differences in the direction of maladaptive versus adaptive scales. As a
reminder, Z-scores have a standard deviation of one with a mean of zero, T-scores have a
standard deviation of 10 with a mean of 50, and adaptive scales and items are scaled with lower
scores representing a lack of skill or ability (i.e., opposite of behavioral concern scales). After
profile mean characteristics are described, information about their demographic make-up will be
provided. Proposed profile names will be preceded by an acronym identifier based on the LPA
conditions (i.e., rater group, adolescent or child sample, and item or subscale level). For
example, item-level profiles names from the teacher rater group with the adolescent sample will
be preceded by Teacher Adolescent Item (TAI). In an effort to improve the readability of these
results, all profile names and acronyms are reported in Table 10.
Table 10
BIMAS-2 Sample and Analysis Level Key
LPA Sample and Analysis Level
Teacher Child Item
Teacher Adolescent Item
Teacher Child Subscale
Teacher Adolescent Subscale
Parent Child Item
Parent Adolescent Item
Parent Child Subscale
Parent Adolescent Subscale
Self Adolescent Item
Self Adolescent Subscale

Acronym
TCI
TAI
TCS
TAS
PCI
PAI
PCS
PAS
SAI
SAS

Teacher Rater - Adolescent Items
The largest adolescent item profile from the teacher sample (TAI) was characterized in
the following manner: average conduct items, average negative affect items, low (mild)
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cognitive/attention problems, average social items and high (mild) academic skills. Given that
item means primarily fell in the average range, this was titled the Teacher Adolescent Item
Typical profile [TAI Typical].
The second largest profile was characterized by average scores across items from
conduct, negative affect, and social subscales. Items measuring cognitive/attention related
problems and academic skills were mildly elevated. Interestingly, these children were not absent
from school to an unusual degree, as evidenced by item 34. Given the defining
cognitive/attention concerns, this profile will be referred to as Teacher Adolescent Item Mild
Executive Functioning (EF) profile [TAI Mild EF].
The third profile was defined by average conduct items, high (mild) negative affect items,
variable but average cognitive/attention items, low (moderate) social skills, and low (mild)
academic skills. The most extreme negative affect items included “appeared depressed”, “acted
sad or withdrawn”, and “appeared anxious (worried or nervous)”. The most extreme social item
was “appeared comfortable relating to others”. It would be easy to refer to this as an
internalizing profile, given its replication in the literature and that social isolation is a defining
feature of related diagnoses. However, it does seem like this label would presume a degree of
directionality to the relationship between internalizing symptoms and social skills. Moreover,
previously identified internalizing profiles typically exhibit an overrepresentation of female
participants. Instead, this profile will be labeled Teacher Adolescent Item Low Social profile
[TAI Low Social] in accordance with the most extreme scores.
The final profile was characterized by high (extreme) conduct items, high (moderate and
mild) negative affect items, high (moderate) cognitive/attention problems, low (moderate/mild)
social skills, and low (moderate) academic skills. The most extreme items involved physical

71
aggression, emotional regulation, and being sent to an authority for discipline. Given that all
domains were impacted to at least a moderate degree, this will be referred to as the Teacher
Adolescent Item Diffuse profile [TAI Diffuse].
Figure 1
Teacher Rater Adolescent Item (TAI) LPA Profiles
Typical (53%)

3.5

Mild EF (27%)

Low Social (13%)

Diffuse (7%)

Standardized Profile Means (Z-Scores)
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(Social)
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(Academic)
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BIMAS-2 Items

Note. Standardized BIMAS-2 item means for each latent profile are plotted above. Profile size in
percentage relative to the total sample (n = 699) are included in parentheses next to proposed
profile names. Items are grouped together according to the subscale they belong to, which is
noted in parentheses below item numbers. EF = Executive Functioning
Across demographic variables, profiles did not differ significantly in terms of participant
age as tested in one-way ANOVA with four levels representing the different profiles, F(3, 695) =
2.792, p = .10. Results of the chi-square test of independence indicated that profiles did differ in
term of participant sex, X2(3, N = 699) = 39.8, p < .001. Pairwise post-hoc analyses indicated that
female participants were more likely to belong to the Teacher Adolescent Item Typical [TAI
Typical] profile than males, and that males were more likely to belong to the Teacher Adolescent
Item Mild EF [TAI Mild EF] profile than females. Profiles did not significantly differ by
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ethnicity, simulated p = .51. Differences in how teachers responded to the question “how well do
you know this child” were significant across profiles, simulated p = .001. Residuals indicated
that within the Teacher Adolescent Item Low Social [TAI Low Social] profile, teachers were
more likely to know students “moderately well” (p < .001), and less likely to know them “very
well” (p < .001). The inverse of this relationship was present in the Teacher Adolescent Item
Typical [TAI Typical] profile; p = .006 and p = .002, respectively. In other words, the Teacher
Adolescent Item Typical [TAI Typical] profile was associated with a greater relative proportion
of teachers who reportedly knew students “very well” than expected, and a smaller proportion of
teacher who knew students “moderately well”. Significant associations were also observed
between profiles and how many months teachers reported knowing students, simulated p = .001.
They were more likely to know students in the Teacher Adolescent Item Low Social [TAI Low
Social] profile for 7-11 months (p = .006) and less likely to know them for more than 12 months,
p = .002. Teachers were more likely to know students for 1-3 months within the Teacher
Adolescent Item Typical [TAI Typical] profile, p = .004.
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Table 11
Teacher Adolescent Item (TAI) LPA Profile Demographics
Demographic Variables
Profile n (%)
Age Mean (SD)
Male n (%)
Female n (%)
Ethnicity
n (%)
“How well do
you know this
child”
n (%)

Asian
Black
Hispanic
White
Other
Little
Moderate

Typical
372 (53.22)
14.90 (1.99)
148(42.29)*
224 (64.18)*
11 (61.11)
61 (52.14)
48 (46.15)
230 (53.99)
22 (64.71)
3 (33.33)
178 (47.09)*

Very Well

187 (61.51)*

Profile
Mild EF
Low Social
Diffuse
51 (7.30)
188 (26.90)
88 (12.59)
15.14(2.09) 14.94(1.88) 15.27(1.95)
29 (8.29)
127 (36.29)* 46 (13.14)
22 (6.30)
61 (17.48)*
42 (12.03)
0 (0)
4 (22.22)
3 (16.67)
10 (8.55)
33 (28.21)
13 (11.11)
6 (5.77)
31 (29.81)
19 (18.27)
31 (7.28)
115 (27)
50 (11.74)
4 (11.76)
5 (14.71)
3 (8.82)
0 (0)
5 (55.56)
1 (11.11)
98 (25.93)
67 (17.72)* 35 (9.26)
82 (26.97)

19 (6.25)*

16 (5.26)

<1
0 (0)
0 (0)
0 (0)
0 (0)
“# of months you
1-3
34 (80.95)*
0 (0)
5 (11.90)
3 (7.14)
have known this
4-6
18 (43.90)
4 (9.76)
11 (26.83)
8 (19.51)
child”
7-11
185 (48.18)
97 (25.26)
64 (16.67)* 38 (9.90)
n (%)
131 (58.74)
9 (4.04)
³12
71 (31.84)
12 (5.38)*
Note. Percentages were calculated out of total n for each row. EF = Executive Functioning* Age
based ANOVA, Chi-Square Test of Independence, and Monte Carlo simulated p-value
significant at p <. 05
Teacher Rater - Adolescent
Subscales
The largest adolescent subscale-level profile estimated in the teacher LPA (TAS) was
characterized by an average conduct mean, low negative affect (mild), low cognitive/attention
(mild), average social, and high academic skills (mild). Compared to the Teacher Adolescent
Item Typical [TAI Typical] profile, this one was slightly smaller and scores were fairly
comparable outside of the cognitive/attention mean, which was more extreme. This participant
group will be referred to as the Teacher Adolescent Subscale Typical [TAS Typical] profile.
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The second largest profile present in this LPA was characterized by average conduct,
average negative affect, high cognitive/attention (mild), average social, and average academic.
This group will be referred to as the Teacher Adolescent Subscale Mild EF [TAS Mild EF]
profile. Compared with the Teacher Adolescent Item Mild EF [TAI Mild EF] profile, there were
fewer participants, but mean values were comparable. While the estimated academic subscale
mean did not cross into the mildly elevated range, it was close at T = 45.58.
The third profile was characterized by high (moderate) conduct, high negative affect
(moderate), high cognitive/attention (moderate), low social skills (moderate), and low academic
skills (moderate). Given the extreme scores across all domains this will be referred to as the
Teacher Adolescent Subscale Diffuse [TAS Diffuse] profile.
The smallest profile in this LPA included an average conduct mean, average negative
affect, average cognitive/attention, low (moderate) social skills, and low (mild) academic
performance. The profile will be titled the Teacher Adolescent Subscale [TAS Low Social]
profile. Similar to the Teacher Adolescent Item Low Social [TAI Low Social] profile, negative
affect was elevated. However, the mean did not cross into the mildly elevated range for this
subscale LPA.
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Figure 2
Teacher Rater Adolescent Subscale (TAS) LPA Profiles

Standardized Profile Means (T-Scores)

Typical (43%)
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Diffuse (11%)
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BIMAS-2 Subscales

Note. Standardized BIMAS-2 subscale means for each latent profile are plotted above. Profile
sizes in percentages relative to the total sample (n = 699) are included in parentheses next to
proposed profile names. EF = Executive Functioning
Across demographic variables, profiles did not differ significantly in terms of participant
age as tested in one-way ANOVA with four levels representing the different profiles, F(3, 695) =
1.378, p = .24. Results of the chi-square test of independence indicated that profiles did differ in
term of participant sex, X2(3, N = 699) = 26.9, p < .001. Pairwise post-hoc analyses indicated that
female participants were more likely to belong to the Teacher Adolescent Subscale Typical [TAS
Typical] profile than males, and that males were more likely to belong to the Teacher Adolescent
Subscale Mild EF [TAS Mild EF] profile than females. There was a significant association
between profile membership and ethnicity, simulated p = .05. Pairwise post-hoc analyses
indicated that participants identified in the White ethnicity category were more likely to belong
to the Teacher Adolescent Subscale Typical [TAS Typical] profile, p = .04. Differences in how
teachers responded to the question “how well do you know this child” were significant across
profiles, simulated p = .006. Residuals indicated that within the Teacher Adolescent Subscale
Low Social [TAS Low Social] profile, teachers were more likely to know students “moderately
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well” (p = .006), and less likely to know them “very well” (p = .007). The inverse of this
relationship was present in the Teacher Adolescent Subscale Typical [TAI Typical] profile; p =
.01 and p = .004, respectively. In other words, this profile was associated with a greater relative
proportion of teachers who reportedly knew students “very well” than expected, and a smaller
proportion of teacher who knew students “moderately well”. Significant associations between
profiles and how many months teachers reported knowing students were also observed,
simulated p = .003. They were more likely to know students in the Teacher Adolescent Subscale
Typical [TAS Typical] profile for 1-3 months, p = .04. Within the Teacher Adolescent Subscale
Low Social [TAS Low Social] profile, teachers were more likely to know students for 7-11
months (p = .04), and less likely to know them for 12 or more, p = .005. Note that the results
from analyzing these demographic data are almost identical to findings from the TAI analysis,
with the exception of the significant ethnicity association.

77
Table 12
Teacher Adolescent Subscale (TAS) LPA Profile Demographics
Profile
Demographic Variables
Profile n (%)
Age Mean (SD)
Male n (%)
Female n (%)

Typical
Mild EF
Diffuse
Low Social
280 (40.06)
304 (43.50)
77 (11.02)
38 (5.44)
14.90(2.03)
14.99(2.03) 15.32(1.77) 15.08(2.02)
168 (48)*
121 (34.57)* 45 (12.86)
16 (4.57)
183 (52.29)*
112 (32)*
32 (9.14)
22 (6.29)
Asian
8 (44.44)
8 (44.44)
0 (0)
2 (11.11)
Black
60 (51.28)
40 (34.19)
12 (10.26)
5 (4.27)
Ethnicity
Hispanic
49 (47.12)
33 (31.73)
15 (14.42)
7 (6.73)
n (%)
White
152 (35.68)* 205 (48.12)
46 (10.80)
23 (5.40)
Other
11 (32.35)
18 (52.94)
4 (11.76)
1 (2.94)
Little
5 (55.56)
3 (33.33)
1 (11.11)
0 (0)
“How well do you
Moderate 154 (40.74)* 142 (37.57)
51 (13.49) 31 (8.20)*
know this child”
n (%)
Very Well 117 (38.49)* 156 (51.32)
25 (8.22)
6 (1.97)*
<1
0 (0)
0 (0)
0 (0)
0 (0)
“# of months you
1-3
13 (30.95)*
28 (66.67)
0 (0)
1 (2.38)
have known this
4-6
18 (43.90)
14 (34.15)
5 (12.20)
4 (9.76)
child”
7-11
152 (39.58)
153 (39.84)
49 (12.76) 30 (7.81)*
n (%)
92 (41.26)
106 (47.53)
23 (10.31)
2 (0.90)*
³12
Note. Percentages were calculated out of total n for each row. EF=Executive Functioning
* Age based ANOVA, Chi-Square Test of Independence, Monte Carlo simulated p-value
significant at p < .05
Teacher Rater - Child Items
The child item-level LPA with teacher raters (TCI) yielded six different profiles. The
largest profile was characterized by average conduct items, average negative affect, generally
low (mild) cognitive/attention items, high (mild) social ratings, and high (mild) academic skills.
Since these children had the most positively valanced mean values across the items, and given
that another profile emerged with adaptive values much closer to average, this profile will be
referred to as the Teacher Child Item Thriving [TCI Thriving] profile.
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The second largest profile included average conduct items, average negative affect, high
(mild) cognitive/attention items, average social skills, and average academic performance. The
two items that were relatively lower from the cognitive/attention scale related to impulsivity. It is
also interesting that grades seemed to be relatively spared in this profile, titled Teacher Child
Item Mild EF [TCI Mild EF].
In order of relative size, the next profile was described by average conduct items, average
negative affect items, low (mild) cognitive/attention issues, average social skills, and average
academic performance. As noted earlier, this profile is differentiated from the Teacher Child
Item Thriving [TCI Thriving] participants by relatively average adaptive items. This is outside of
grades, which appear to be equivalent across the two groups in this solution. This will be
considered the Teacher Child Item Typical [TCI Typical] profile.
The fourth and fifth largest profiles both consisted of 54 participants; eight percent of the
total Teacher Child Item [TCI] sample. One profile included high (mild and moderate) conduct
items, average negative affect items, high (moderate) cognitive/attention symptoms, average
social skills, and generally low (moderate) academic skills. The most extreme conduct items
included engaging in risk taking behavior and lying/cheating. The most extreme cognitive
attention items included having trouble paying attention, impulsivity, difficulties staying on task,
and acting without thinking. This profile seems to capture a group of children that were more
severely affected by attention and executive functioning vulnerabilities and will be referred to as
the Teacher Child Item Moderate EF [TCI Moderate EF] profile.
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Note that this is making a theoretical assumption by assuming that executive functioning and
attention weaknesses undercut conduct and academic concerns as a common mechanism. Given
the degree to which items relating to cognitive/attention are elevated over conduct and academic
items this seems to be supported.
The other n = 54 profile was characterized by high (mild) conduct items, high (moderate)
negative affect items, high (mild) cognitive/attention items, low (mild) social skills, and low
(mild) academic skills. Extreme conduct items included appearing angry, verbal/physical
aggression, lying/cheating. The most severe negative affect items comprised of fatigue,
depression, and acting sad or withdrawn. This profile will be titled the Teacher Child Item
Moderate Diffuse [TCI Moderate Diffuse] profile.
The smallest Teacher Child Item [TCI] profile consisted of generally high (extreme)
values across conduct items, high (moderate and mild) negative affect, high (moderate)
cognitive/attention items, low (moderate) social, and low (moderate) academic skills. Similar to
the preceding LPAs, this will be referred to as the Teacher Child Item Diffuse [TCI Diffuse]
profile. Not surprisingly, the means for conduct items relating to substance use (i.e., 29 and 31)
were close to zero. This is an important developmental consideration between the child and
adolescent samples.
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Figure 3
Teacher Rater Child Item (TCI) LPA Profiles
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Note. Standardized BIMAS-2 item means for each latent profile are plotted above. Profile sizes
in percentages relative to the total sample (n = 700) are included in parentheses next to proposed
profile names. Items are grouped together according to the subscale they belong to, which is
noted in parentheses below item numbers. EF = Executive Functioning
Across demographic variables, profiles did not differ significantly in terms of participant
age as tested in one-way ANOVA with six levels representing the different profiles, F(5, 694) =
1.484, p = .22. Results of the chi-square test of independence indicated that profiles did differ in
term of participant sex, X2(5, N = 700) = 57.9, p < .001. Pairwise post-hoc analyses indicated that
male children were more likely to belong to the Teacher Child Item Mild EF [TCI Mild EF] (p <
.001) and Teacher Child Item Moderate EF [TCI Moderate EF] (p < .001) profiles than female
children. Conversely, female children were significantly more likely to belong to Teacher Child
Item Typical [TCI Typical] (p < .02) and Teacher Child Item Thriving [TCI Thriving] (p < .001)
profiles than males. There was a significant association between profile membership and
ethnicity, simulated p = .02. Pairwise post-hoc analyses indicated that participants identified in
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the White ethnicity category were more likely to belong to the Teacher Child Item Thriving [TCI
Thriving] profile, p = .03. Differences in how teachers responded to the question “how well do
you know this child” were significant across profiles, simulated p < .001. Residuals indicated
that within the Teacher Child Item Mild EF [TCI Mild EF] profile, teachers were more likely to
know students “moderately well” (p = .01), and less likely to know them “very well” (p = .02).
Within the Teacher Child Item Moderate Diffuse [TCI Moderate Diffuse] profile, teachers were
more likely to know students “only a little”, p < .001. Differences in how long teachers knew
children were also present across profiles, simulated p < .001. Within the Teacher Child Item
Mild EF [TCI Mild EF] profile, teachers were less likely to know a child for 7-11 months, p =
.05. Within the Teacher Child Item Thriving [TCI Thriving] profile, teachers were more likely to
know a child for 12 or more months. Within the Teacher Child Item Typical [TCI Typical]
profile, teachers were more likely to know a child from 7 – 11 months (p < .01) and less likely to
know a child for 12 or more months, p = .02.
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Table 13
Teacher Child Item (TCI) LPA Profile Demographics
Profiles
Demographic Variables

Thriving

Mild EF

Typical

Moderate EF

Moderate Diffuse

Diffuse

Profile n (%)

248 (35.43)

158 (22.57)

143 (20.43)

54 (7.71)

54 (7.71)

43 (6.14)

Age Mean (SD)

7.84 (1.92)

7.82 (2.01)

8.33 (2.03)

8.15 (2.18)

8.30 (2.02)

7.93 (2)

Male n (%)

104 (29.7)*

102 (29.14)*

51 (14.57)*

45 (12.86)*

23 (6.57)

25 (7.14)

Female n (%)

144 (41.4)*

56 (16)*

92 (26.29)*

9 (2.57)*

31 (8.86)

18 (5.14)

Asian

12 (44.44)

9 (33.33)

4 (14.81)

0 (0)

0 (0)

2 (7.41)

Black

50 (44.64)

20 (17.86)

13 (11.61)

11 (9.82)

11 (9.82)

7 (6.25)

Hispanic

40 (40.82)

31 (31.63)

14 (14.29)

5 (5.10)

6 (6.12)

2 (2.04)

White

136 (31.3)*

94 (21.61)

106 (24.37)

35 (8.05)

33 (7.59)

31 (7.13)

Other

10 (35.71)

4 (14.29)

6 (21.43)

3 (10.71)

4 (14.29)

1 (3.57)

Little

5 (27.78)

4 (22.22)

3 (16.67)

0 (0)

6 (33.33)*

0 (0)

Moderate

96 (32.65)

85 (29.91)*

49 (16.67)

24 (8.16)

24 (8.16)

16 (5.44)

Very Well

143 (37.7)

68 (17.94)*

87 (22.96)

30 (7.92)

24 (6.33)

27 (7.12)

<1

2 (33.33)

1 (16.67)

0 (0)

1 (16.67)

2 (33.33)

0 (0)

1-3

29 (28.43)

27 (26.47)

15 (14.71)

10 (9.80)

13 (12.75)

8 (7.84)

4-6

76 (37.25)

60 (29.41)

32 (15.69)

9 (4.41)

17 (8.33)

10 (4.90)

7-11

68 (28.33)

38 (15.83)*

81 (33.75)*

22 (9.17)

18 (7.50)

13 (5.42)

³12

69 (48.25)*

32 (22.38)

15 (10.49)*

11 (7.69)

4 (2.80)

12 (8.39)

Ethnicity
n (%)

“How well do you know
this child?”
n (%)

“Months you have known
this child?”
n (%)

Note. Percentages were calculated out of total n for each row. EF = Executive Functioning
* Age based ANOVA, Chi-Square Test of Independence, Monte Carlo simulated p-value significant at p < .05
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Teacher Rater - Child Subscales
The child subscale-level LPA with teacher raters (TCS) yielded four profiles. The largest
profile was characterized by average estimated means, across conduct, negative affect,
cognitive/attention, social, and academic subscales. Given the average scores across all domains,
this participant group will be referred to as the Teacher Child Subscale Typical [TCS Typical]
profile.
The second largest profile included subscale means in the following ranges: high (mild)
conduct, high (mild) negative affect, high (moderate) cognitive/attention, low (mild) social, and
low (mild) academic skills. The scale sensitive to attention and executive functioning abilities
displayed the most extreme mean (t = 59.70) and all other domains were impacted, possibly
indicating a more global impact of attention and executive functioning weaknesses on
performance in the school setting. However, given elevations on four of the five scales, this
group will be described as the Teacher Child Subscale Mild Diffuse [TCS Mild Diffuse] profile.
The third largest profile was characterized by subscale means in the following ranges:
average conduct, average negative affect, low (moderate) cognitive/attention, high (mild) social,
and high (moderate) academic. Given the presence of extreme and positively valanced scores
across multiple domains, this profile will be referred to as the Teacher Child Subscale Thriving
[TCS Thriving] profile.
The smallest profile can be described by the following subscale mean ranges: high
(moderate) conduct, high (moderate) negative affect, high (moderate) cognitive/attention, low
(moderate) social, and low (moderate) academic. This participant group will be termed the
Teacher Child Subscale Diffuse [TCS Diffuse] profile.
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Figure 4
Teacher Rater Child Subscale (TCS) LPA Profiles

Standardized Profile Means (T-Scores)

Typical (44%)

Mild Diffuse (27%)

Thriving (23%)

Diffuse (6%)
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BIMAS-2 Subscales

Note. Standardized BIMAS-2 subscale means for each latent profile are plotted above. Profile
sizes in percentages relative to the total sample (n = 700) are included in parentheses next to
proposed profile names.
Across demographic variables, profiles did not differ significantly in terms of participant
age as tested in one-way analysis of variance (ANOVA) with four levels representing the
different profiles, F(3, 696) = 1.451, p = .23. Results of the chi-square test of independence
indicated that profiles did differ in term of participant sex, X2(3, N = 700) = 25.8, p < .001.
Pairwise post-hoc analyses indicated that male children were more likely to belong to the
Teacher Child Subscale Mild Diffuse [TCS Mild Diffuse] profile (p < .001), whereas female
children were more likely to belong to the Teacher Child Subscale Thriving [TCS Thriving]
profile, p = .02. There were no significant relationships between profile membership and
ethnicity, simulated p = .52. Nor were there significant relationships between profile membership
and how well teachers knew the children they rated, X2(6, N = 700) = 10.0, p = .12. There was a
significant association between profile membership and the length of time that teachers knew
participants, X2(12, N = 700) = 36.8, p < .001. Pairwise comparisons indicated that teachers were
significantly more likely to report 1-3 months as the length of time they had known members of
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the Teacher Child Subscale Diffuse [TCS Diffuse] profile, p = .005. Within the Teacher Child
Subscale Typical [TCS Typical] profile, teachers were more likely to report the number of
months they had known participants as 7-11, p = .005.
Across demographic variables, profiles did not differ significantly in terms of participant
age as tested in one-way ANOVA with four levels representing the different profiles, F(3, 696) =
1.451, p = .23. Results of the chi-square test of independence indicated that profiles did differ in
term of participant sex, X2(3, N = 700) = 25.8, p < .001. Pairwise post-hoc analyses indicated that
male children were more likely to belong to the Teacher Child Subscale Mild Diffuse [TCS Mild
Diffuse] profile (p < .001), whereas female children were more likely to belong to the Teacher
Child Subscale Thriving [TCS Thriving] profile, p = .02. There were no significant relationships
between profile membership and ethnicity, simulated p = .52. Nor were there significant
relationships between profile membership and how well teachers knew the children they rated,
X2(6, N = 700) = 10.0, p = .12. There was a significant association between profile membership
and the length of time that teachers knew participants, X2(12, N = 700) = 36.8, p < .001. Pairwise
comparisons indicated that teachers were significantly more likely to report 1-3 months as the
length of time they had known members of the Teacher Child Subscale Diffuse [TCS Diffuse]
profile, p = .005. Within the Teacher Child Subscale Typical [TCS Typical] profile, teachers
were more likely to rate the number of months they had known participants as 7-11, p = .005.

86
Table 14
Teacher Child Subscale (TCS) LPA Profile Demographics
Profile
Demographic Variables
Typical
Mild Diffuse
Thriving
Diffuse
Profile n (%)
310 (44.29)
190 (27.14) 159 (22.71) 41 (5.86)
Age Mean (SD)
8.06(2.01)
8.01 (2.06)
8.02(1.90) 7.44(2.07)
Male n (%)
142 (40.57)
123(33.14)*
63 (18)*
22 (6.29)
Female n (%)
163 (48)
67 (19.14)* 96 (27.43)* 19 (5.43)
Asian
17 (62.96)
3 (11.11)
5 (18.52)
2 (7.41)
Black
43 (38.39)
31 (27.68)
30 (26.79)
8 (7.14)
Ethnicity
Hispanic
41 (41.84)
27 (27.55)
26 (26.53)
4 (4.08)
n (%)
White
195 (44.83)
122 (28.05)
94 (21.61)
24 (5.52)
Other
14 (50)
7 (25)
4 (14.29)
3 (10.71)
“How well do
Little
9 (50)
5 (27.78)
1 (5.56)
3 (16.67)
you know this
Moderate
122 (41.50)
90 (30.61)
63 (21.43)
19 (6.46)
child”
Very Well
175 (46.17)
94 (24.80)
91 (24.01)
19 (5.01)
n (%)
<1
1 (16.67)
2 (33.33)
2 (33.33)
1 (16.67)
“# of months
1-3
41 (40.20)
32 (31.37)
15 (14.72) 14 (13.73)*
you have
4-6
87 (42.65)
55 (26.96)
52 (25.49)
10 (4.90)
known this
child”
7-11
130 (54.17)*
60 (25)
41 (17.08)
9 (3.75)
n (%)
51 (35.66)
40 (27.97)
45 (31.47)
7 (4.90)
³12
Note. Percentages were calculated out of the total n for each row. EF = Executive Functioning
* Age based ANOVA, Chi-Square Test of Independence, Monte Carlo simulated p-value
significant at p < .05

Parent Rater - Adolescent Items
The adolescent item level LPA with parent raters (PAI) yielded four profiles. The largest
participant group was characterized by average scores across all domains and will be referred to
as the Parent Adolescent Item Typical [PAI Typical] profile.
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A Parent Adolescent Item Thriving [PAI Thriving] profile was also identified in this LPA
solution. It was characterized by low (mild) conduct items, low (mild) negative affect symptoms,
low (mild) cognitive/attention problems, average social items, and high (mild) academic skills.
There was generally consistent and good separation of about half a standard deviation in a more
favorable direction when compared with the Parent Adolescent Item Typical [PAI Typical]
profile.
The third largest profile was described by some elevated (mild) conduct items, high
(mild) negative affect, high (mild) cognitive attention problems, average social skills, and
average academic performance. The most extreme conduct items included appearing angry and
losing temper. Negative affect items that stood out included being easily embarrassed/ashamed,
acting sad/withdrawn, appearing anxious/worried, and being emotional/upset. The highest
cognitive/attention items related to attention/concentration and impulsivity. This profile does not
include high aggression and dysregulated doesn’t seem to be a good match. It is also different
from the mild EF profiles described in the teacher LPAs because of the additionally elevated
negative affect items. Parent Adolescent Item Mild Diffuse [PAI Mild Diffuse] is the proposed
title for this group of adolescents.
The smallest profile was characterized by high (moderate) conduct problems, high
(moderate/mild) negative affect symptoms, high (moderate) cognitive/attention difficulties, low
(mild) social skills, and low (moderate) academic performance. This adolescent group is
consistent with a diffuse pattern of psychopathology across all domains assessed and will be
described as the Parent Adolescent Item Diffuse [PAI Diffuse] profile.
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Figure 5
Parent Rater Adolescent Item (PAI) LPA Profiles
Typical (37%)

3.5

Thriving (33%)

Mild Diffuse (18%)

Diffuse (12%)

Standardized Profile Means (Z-Scores)
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Note. Standardized BIMAS-2 item means for each latent profile are plotted above. Profile sizes
in percentages relative to the total sample (n = 700) are included in parentheses next to proposed
profile names. Items are grouped together according to the subscale they belong to, which is
noted in parentheses below item numbers.
Across demographic variables, profiles did not differ significantly in terms of participant
age as tested in one-way ANOVA with four levels representing the different profiles, F(3, 696) =
.88, p = .35. Results of the chi-square test of independence indicated that profiles did differ in
term of participant sex, X2(3, N = 700) = 14.6, p = .002. Pairwise post-hoc analyses indicated that
male children were less likely to belong to the Parent Adolescent Item Thriving [PAI Thriving]
profile (p = .006). There were significant relationships between profile membership and
ethnicity, X2(12, N = 700) = 24.7, p = .02. Post-hoc analysis of residuals indicated that children
identified as Black were significantly more likely to be represented in the diffuse profile (p =
.02). There were also significant relationships between profile membership and parental
education level (i.e., high school or less, associate/technical degree, university or more), X2(6, N
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= 700) = 17.5, p = .008. Pairwise comparisons indicated that membership in the Parent
Adolescent Item Thriving [PAI Thriving] profile was significantly associated with a parental
education level of associate/technical degree (p = .05), and that participants belonging to the
Parent Adolescent Item Diffuse [PAI Diffuse] profile were much less likely to have parents with
the associate/junior college level of education (p = .03). In terms of how profiles differed by
which parent completed the form, signification associations were found, simulated p < .001.
Participants from the Parent Adolescent Item Typical [PAI Typical] profile were much less
likely to have the form completed by a caregiver in the Other category, p = .02. The same
relationship was observed with participants belonging to the Parent Adolescent Item Thriving
[PAI Thriving] profile (p = .01), and the opposite association was apparent with children
belonging to the Parent Adolescent Item Diffuse [PAI Diffuse] profile, p < .001. Similarly,
members of the Parent Adolescent Diffuse [PAI Diffuse] profile were significantly less likely to
be rated by their biological mothers (p = .001) and more likely to be rated by a caregiver from
the Other category (p < .001). Significant associations were also present across profiles in terms
of who participants lived with, X2(12, N = 700) = 62.7, p < .001. Post-hoc analysis revealed that
members of the Parent Adolescent Item Thriving [PAI Thriving] profile were less likely to live
with a caregiver belonging to the Other category, p < .001. Correspondingly, members of the
Parent Adolescent Item Diffuse [PAI Diffuse] profile were significantly more likely to live with
a caregiver from the Other category, p < .001.
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Table 15
Parent Adolescent Item (PAI) LPA Profile Demographics
Profile
Demographic Variables
Typical
Thriving
Mild Diffuse
Diffuse
Profile n (%)
262 (37.43) 232 (33.14)
124 (17.71)
82 (11.71)
Age Mean (SD)
15.19(1.98) 14.87(2.04)
14.72 (1.95)
15.21(1.99)
Male n (%)
137 (39.14) 95 (27.14)*
66 (18.86)
52 (14.86)
Female n (%)
125 (35.71) 137 (39.14)*
58 (16.57)
30 (8.57)
Asian
12 (37.50)
14 (43.75)
5 (15.63)
1 (3.13)
Black
35 (30.17)
29 (25)
28 (24.14)
24 (20.69)*
Ethnicity
Hispanic
37 (36.27)
37 (36.27)
16 (15.69))
12 (11.76)
n (%)
White
170 (40.48) 137 (32.62)
70 (16.67)
43 (10.24)
Other
8 (26.67)
15 (50)
5 (16.67)
2 (6.67)
78
(37.86)
55
(26.70)
39
(18.93)
34
(16.50)
£HS
Parent
Education
A/T
81 (34.76)
94 (40.34)*
43 (18.45)
15 (6.44)*
n (%)
103 (39.46)
83 (31.80)
42 (16.09)
33 (12.64)
³University
Mother
201 (37.92) 189 (35.66)
93 (17.55)
47 (8.87)*
Father
38 (41.30)
29 (31.52)
16 (17.39)
9 (9.78)
NB Mother
7 (38.89)
3 (16.67)
4 (22.22)
4 (22.22)
Rater
Relation
NB Father
1 (12.50)
4 (50)
2 (25)
1 (12.50)
n (%)
Other Relative 10 (52.63)
5 (26.32)
4 (21.05)
0 (0)
Non-Relative
2 (40)
0 (0)
2 (40)
1 (20)
Other
1 (4.17)*
0 (0)*
3 (12.50)
20 (83.33)*
Both Parents 109 (36.82) 109 (36.82)
54 (18.24)
24 (8.11)
Lives
Mother
96 (38.71)
77 (31.05)
47 (18.95)
28 (11.29)
with
Father
35 (40.23)
35 (40.23)
10 (11.49)
7 (8.05)
n (%)
Other
15 (29.41)
5 (9.80)*
9 (17.65)
22 (43.14)*
Note. Percentages were calculated out of the total n for each row. NB = Non-Biological, HS =
High School, A/T = Associate/Technical
* Age based ANOVA, Chi-Square Test of Independence, Monte Carlo simulated p-value
significant at p < .05
Parent Rater - Adolescent
Subscales
The adolescent subscale level LPA with parent raters (PAS) yielded five profiles. The
largest participant group was characterized by average scores across all domains and will be
referred to as the Parent Adolescent Subscale Typical [PAS Typical] profile.
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The second largest group included high (mild) levels of conduct, high (mild) negative
affect, high (mild) cognitive/attention, average social, and low (mild) academic skills. Given the
consistently elevated subscales across all domains, this group of adolescents will be titled the
Parent Adolescent Subscale Mild Diffuse [PAS Mild Diffuse] profile.
The third profile comprised of high (moderate) conduct scores, high (moderate) negative
affect, high (moderate) cognitive/attention, low (mild) social skills, and low (moderate) academic
performance. Given the moderate elevations on all but one subscale (social), this group will be
described as the Parent Adolescent Subscale Diffuse [PAS Diffuse] profile. The severity of this
profile differed from that of the Parent Adolescent Subscale Mild Diffuse [PAS Mild Diffuse]
group by at least half of a standard deviation across all domains.
The fourth and fifth profiles both had the same number of adolescents, 12% of the total
Parent Adolescent Subscale [PAS] sample. While these profiles were relatively similar across
maladaptive domains, they were highly discrepant among adaptive scales, with one group (i.e.,
Parent Adolescent Subscale Thriving [PAS Thriving]) showing high (moderate) levels of social
and academic skills, and the other (i.e., Parent Adolescent Subscale Reduced Social [PAS
Reduced Social]) showing social and academic performance in the average range. Importantly,
the mean value for the latter group approached but did not cross the mild threshold (M = 45.95.
This profile was differentiated from the Parent Adolescent Subscale Typical [PAS Typical]
group by about half of a standard deviation across all domains except academic. As noted
elsewhere, was difficult to choose between this solution and the M2 k = 4 estimation, in which
participants from this profile likely ended up in a “thriving” profile with lower adaptive means.
However, given the solid differentiation from other profiles, and the presence of other more
extreme “low social” profiles, it was ultimately decided that this may still represent a meaningful
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subgroup of functioning. It may be that parents do not see their children in the context of
typically functioning peers as much as teachers and have a more limited perspective on extent of
their social difficulties.
Figure 6
Parent Rater Adolescent Subscale (PAS) LPA Profiles

Standardized Profile Means (T-Scores)
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Note. Standardized BIMAS-2 subscale means for each latent profile are plotted above. Profile
sizes in percentages relative to the total sample (n = 700) are included in parentheses next to
proposed profile names.
Across demographic variables, profiles differed significantly in terms of participant age
as tested in one-way ANOVA with five levels representing the different profiles, F(4, 695) =
.671, p < .001. Members of the Parent Adolescent Subscale Thriving [PAS Thriving] profile
tended to be slightly older (m = 15.8) and those from the Parent Adolescent Subscale Mild
Diffuse [PAS Mild Diffuse] and Parent Adolescent Subscale Typical [PAS Typical] profiles
were slightly younger, m = 14.5 and m = 14.9 respectively. Indeed, post-hoc comparisons using
Tukey’s honestly significance difference method indicated the mean of the Parent Adolescent
Subscale Thriving [PAS Thriving] profile significantly differed from the means of the Parent
Adolescent Subscale Typical [PAS Typical] (p = .003) and Parent Adolescent Subscale Mild
Diffuse [PAS Mild Diffuse] (p < .001) groups. No other pairwise age by profile comparisons
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were significant. Results of the chi-square test of independence indicated that profiles did differ
in term of participant sex, X2(4, N = 700) = 28.3, p < .001. Post-hoc analyses indicated that male
participants were less likely to belong to the Parent Adolescent Subscale Thriving [PAS
Thriving] profile (p < .001), and that females were less likely to belong to the Parent Adolescent
Subscale Diffuse [PAS Diffuse] profile (p = .006). While the omnibus test indicated there were
significant relationships between profile membership and ethnicity (simulated p = .003), posthoc analyses revealed no significant differences. There were significant relationships between
profile membership and parental education level (i.e., high-school or less, associate/technical
degree, university or more), X2(8, N = 700) = 25.9, p = .001. Pairwise comparisons indicated that
members of the Parent Adolescent Subscale Thriving [PAI Thriving] profile were significantly
less likely to report parental education level of high school or less (p = .02), and that participants
belonging to the Parent Adolescent Subscale Diffuse [PAS Diffuse] profile were much more
likely report parents with high school or less education (p = .04). In terms of how profiles
differed by which parent completed the form, signification associations were found, simulated p
< .001. Members of the Parent Adolescent Subscale Reduced Social [PAS Reduced Social]
profile were much more likely to have the form completed by their non-biological father, p = .05.
Members of the Parent Adolescent Subscale Typical [PAS Typical] profile were less likely to
have the form completed by a caregiver from the Other category, p = .009. Members of the
Parent Adolescent Subscale Diffuse [PAS Diffuse] profile were less likely to have the form
completed by their mother (p < .001), and much more likely to have the form completed by a
caregiver from the Other category. Significant associations were also present across profiles in
terms of who participants lived with, X2(16, N = 700) = 63.1, p < .001. Post-hoc analysis
revealed that members of the Parent Adolescent Subscale Typical [PAS Typical] profile were
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less likely to live with a caregiver belonging to the Other category, p = .04. Similarly, members
of the Parent Adolescent Subscale Diffuse [PAS Diffuse] profile were significantly more likely
to live with a caregiver from the Other category, p < .001.
Table 16
Parent Adolescent Subscale (PAS) LPA Profile Demographics
Profile
Demographic
Mild
Reduced
Variables
Typical
Diffuse
Diffuse
Social
Thriving
Profile n (%)
284 (40.57) 135 (19.29) 111 (15.86) 87 (12.43)
83 (11.86)
Age Mean (SD)
14.93(2.02) 14.53(1.91) 15.06(1.89) 15.09(2.12) 15.82(1.86)*
Male n (%)
142 (40.57)
70 (20)
72 (20.57)* 44 (12.57)
22 (6.29)*
Female n (%)
142 (40.57) 65 (18.57) 39 (11.14)* 43 (12.29) 61 (17.43)*
Asian
16 (50)
5 (15.63)
1 (3.13)
7 (21.88)
3 (9.38)
Black
33 (28.45) 27 (23.28) 27 (23.28)
11 (9.48)
18 (15.52)
Ethnicity
Hispanic
40 (39.22) 23 (22.55) 17 (16.67)
6 (5.88)
16 (15.69)
n (%)
White
183 (43.57) 76 (18.1)
62 (14.76) 54 (12.86)
45 (10.71)
Other
12 (40)
4 (13.33)
4 (13.33)
9 (30)
1 (3.33)
65 (31.55) 40 (19.42) 46 (22.33)* 36 (17.48)
19 (9.22)*
£HS
Parent
A/T
100 (42.92) 50 (21.46) 24 (10.30) 25 (10.73)
34 (14.59)
Ed.
n (%)
119 (45.59) 45 (17.24) 41 (15.71)
26 (9.96)
30 (11.49)
³Univ.
Mother
231 (43.58) 96 (18.11) 66 (12.45)* 69 (13.02)
68 (12.83)
Father
40 (43.48)
23 (25)
13 (14.13)
7 (7.61)
9 (9.78)
NB
5 (27.78)
3 (16.67)
7 (38.89)
3 (16.67)
0 (0)
Mother
Rater
NB Father
0 (0)
3 (37.5)
1 (12.5)
4 (50)*
0 (0)
Relation
Other
n (%)
6 (31.58)
5 (26.32)
1 (5.26)
3 (15.79)
4 (21.05)
Relative
Non1 (20)
1 (20)
2 (40)
1 (20)
0 (0)
Relative
Other
1 (4.17)
2 (8.33)
21 (87.5)*
0 (0)
0 (0)
Both
127 (42.91) 58 (19.59) 35 (11.82) 36 (12.16)
40 (13.51)
Parents
Lives
Mother
103 (41.53) 49 (19.76) 39 (15.73) 26 (10.48)
31 (12.5)
with
n (%)
Father
34 (39.08) 18 (20.69)
8 (9.20)
17 (19.54)
10 (11.49)
Other
10 (19.61)* 7 (13.73) 26 (50.98)* 6 (11.76)
2 (3.92)
Note. Percentages were calculated out of the total n for each row. Ed. = Education, Univ. =
University, HS = High School, NB = Non-Biological, A/T = Associate/Technical
* Age based ANOVA, Chi-Square Test of Independence, Monte Carlo simulated p-value
significant at p < .05
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Parent Rater - Child Items
The child item-level LPA with parent raters (PCI) yielded four profiles. The largest
participant group was characterized by low (mild) scores across all maladaptive domains and
average scores across adaptive domains. This profile was differentiated from another, more
normative, profile by about one standard deviation across most behavioral concern items.
Adaptive scales tended to show more average standardized values outside of the item “followed
directions” which differed by about one standard deviation in favor of the larger profile, which
will be labeled the Parent Child Item Thriving [PCI Thriving] profile. The more normative
group will be termed the Parent Child Item Typical [PCI Typical] profile, as all items were
within the average range. These two groups were comparable in in size.
The third largest profile included one elevated (mild) conduct item, one elevated (mild)
negative affect symptoms, seven high (mild) cognitive/attention concerns, five low (mild) social
items, and three low (mild) academic items. Given elevated levels of concern across four of five
areas, this will be referred to as the Parent Child Item Mild Diffuse [PCI Mild Diffuse] profile.
The smallest profile included high (mild to extreme) conduct items, high (moderate)
negative affect items, high (moderate) cognitive/attention concerns, low (mild) social skills, and
low (mild to moderate) academic performance. Items that were particularly extreme related to
outwardly directed verbal/physical aggression, ideation about self-injurious behavior,
impulsivity, and receiving failing grades. This group will be referred to as the Parent Child Item
Diffuse [PCI Diffuse] profile.
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Figure 7
Parent Rater Child Subscale (PCI) LPA Profiles
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Note. Standardized BIMAS-2 item means for each latent profile are plotted above. Profile sizes
in percentages relative to the total sample (n = 700) are included in parentheses next to proposed
profile names. Items are grouped together according to the subscale they belong to, which is
noted in parentheses below item numbers.
Across demographic variables, profiles did not significantly in terms of participant age as
tested in one-way analysis of variance (ANOVA) with four levels representing the different
profiles, F(3, 698) = .05, p = .823. Results of the chi-square test of independence indicated that
profiles did differ in term of participant sex, X2(3, N = 700) = 27.1, p < .001. Post-hoc analyses
indicated that male participants were more likely to belong to the Parent Child Item Mild Diffuse
[PCI Mild Diffuse] profile (p < .001), and less likely to be a member of the Parent Child Item
Thriving [PCI Thriving] profile, (p < .001). Corresponding results were observed with female
participants, who were less likely to belong to the Parent Child Item Mild Diffuse [PCI Mild
Diffuse] profile (p < .001), and more likely to be a member of the Parent Child Item Thriving
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[PCI Thriving] group (p < .001). Significant differences were also observed between profile
membership and ethnicity, X2(12, N = 700) = 43.5, p < .001. Pairwise comparisons indicated that
participants who were members of the Other ethnicity category were more likely to belong
Parent Child Item Diffuse [PCI Diffuse] profile, p < .001. Participants who were identified as
White were more likely to be members of the Parent Child Item Typical [PCI Typical] profile, p
< .001. There were significant relationships between profile membership and parental education
level (i.e., high-school or less, associate/technical degree, university or more), X2(6, N = 700) =
40.1, p < .001. Pairwise comparisons indicated that members of the Parent Child Item Mild
Diffuse [PCI Mild Diffuse] profile were significantly more likely to report a parental education
level of high school or less (p = .003) and were less likely to report a parental education level of
university or more, (p < .001). Members of the Parent Child Item Thriving [PCI Thriving] profile
were more likely to report a parental education level of university or more (p < .001). In terms of
how profiles differed by which parent completed the form, signification associations were found,
simulated p = .004. Members of the Parent Child Item Diffuse [PCI Diffuse] profile were more
likely to have the form completed by their non-biological mother, p = .003. Significant
associations were not present across profiles in terms of who participants lived with, X2(9, N =
700) = 12.5, p = .184.
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Table 17
Parent Child Item (PCI) LPA Profile Demographics
Profile
Demographic Variables
Thriving
Typical
Mild Diffuse
Diffuse
Profile n (%)
275 (39.29)
251 (35.86)
132 (18.86)
42 (6)
Age Mean (SD)
8.07(2.00)
7.93(2.01)
8.05(1.97)
7.81(2.06)
Male n (%)
109 (31.14)* 131 (37.43)
88 (25.14)*
22 (6.29)
Female n (%)
166 (47.43)* 120 (34.29)
44 (12.57)*
20 (5.71)
Asian
15 (53.57)
8 (28.57)
5 (17.86)
0 (0)
Black
48 (43.24)
27 (24.32)
28 (25.23)
8 (7.21)
Ethnicity
Hispanic
44 (44.44)
26 (26.26)
25 (25.23)
4 (4.04)
n (%)
White
161 (37.01) 182 (41.84)*
69 (15.86)
23 (5.29)
Other
7 (25.93)
8 (29.63)
5 (18.52)
7 (25.93)*
80 (35.56)
64 (28.44)
60 (26.67)*
21 (9.33)
£HS
Parent
Associate
66 (31.58)
87 (41.63)
44 (21.05)
12 (5.74)
Education
n (%)
129 (48.50)* 100 (37.59)
28 (10.53)*
9 (3.38)
³University
Mother
234 (39.93)
211 (36.01)
109 (19.60)
32 (5.46)
Father
28 (38.89)
33 (45.83)
9 (12.50)
2 (2.78)
NB Mother
7 (36.84)
3 (15.79)
4 (21.05)
5 (26.32)*
Rater
NB Father
1 (16.67)
2 (33.33)
2 (33.33)
1 (16.67)
Relation
Other
n (%)
4 (16.67)
2 (13.33)
7 (46.67)
2 (13.33)
Relative
Non-Relative
0 (0)
0 (0)
0 (0)
0 (0)
Other
0 (0)
0 (0)
0 (0)
0 (0)
Both Parents
74 (41.57)
60 (33.71)
38 (21.35)
6 (3.37)
Mother
119 (37.66)
110 (34.81)
61 (19.30)
26 (8.23)
Lives with
n (%)
Father
73 (41.95)
70 (40.23)
24 (13.79)
7 (4.02)
Other
6 (27.27)
10 (45.45)
5 (22.73)
1 (4.55)
Note. Percentages were calculated out of the total n for each row. HS = High School, NB = NonBiological
* Age based ANOVA, Chi-Square Test of Independence, Monte Carlo simulated p-value
significant at p < .05
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Parent Rater - Child Subscales
The largest parent rated child subscale-level (PCS) LPA profile was characterized by
average estimated means across all domains and will be referred to as the Parent Child Subscale
Typical [PCS Typical] profile. The second largest profile included low (mild) levels of conduct
related behavior, average negative affect, low (mild) cognitive/attention issues, high (mild) social
ratings, and high (mild) academic performance. This participant group will be referred to as the
Parent Child Subscale Thriving [PCS Thriving] profile.
More of a diffuse profile was observed with the third largest group. Estimated means
were elevated (moderate) across all domains and this will be descried as the Parent Child
Subscale Diffuse [PCS Diffuse] profile. The smallest profile was characterized by average
conduct, high (mild) negative affect, average cognitive/attention, low (moderate) social skills,
and low (mild) academic performance. Given that the most extreme mean was in the social
domain, this profile will be referred to as the Parent Child Subscale Low Social [PCS Low
Social] profile.
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Figure 8
Parent Rater Child Subscale (PCS) LPA Profiles
Typical (58%)

Thriving (27%)

Diffuse (9%)

Low Social (6%)

Standardized Profile Means (T-Scores)
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BIMAS-2 Subscales

Note. Standardized BIMAS-2 subscale means for each latent profile are plotted above. Profile
sizes in percentages relative to the total sample (n = 700) are included in parentheses next to
proposed profile names.
Across demographic variables, profiles did not significantly differ in terms of participant
age as tested in one-way ANOVA with four levels representing the different profiles, F(3, 698) =
.16, p = .718. Results of the chi-square test indicated that profiles did differ in term of participant
sex, X2(3, N = 700) = 16.8, p < .001. Post-hoc analyses indicated that male participants were less
likely to belong to the Parent Child Subscale Thriving [PCS Thriving] profile than females, p =
.001. Significant differences were also observed between profile membership and ethnicity,
X2(12, N = 700) = 32.2, p = .001. Pairwise comparisons indicated that participants who were
members of the Other ethnicity category were more likely to belong Parent Child Subscale
Diffuse [PCS Diffuse] profile, p = .04. Participants who were identified as White were more
likely to be members of the Parent Child Subscale Thriving [PCS Thriving] profile, p = .03.
There were significant relationships between profile membership and parental education level
(i.e., high-school or less, associate/technical degree, university or more), X2(6, N = 700) = 35.3, p
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< .001. Pairwise comparisons indicated that members of the Parent Child Subscale Diffuse [PCS
Diffuse] profile were more likely to have caregivers report an education level of high school or
less (p = .04), while university or more education was less likely p = .003. The same relationship
was observed with members of the Parent Child Subscale Low Social [PCS Low Social] profile,
p = .003, and p = .01 respectively. In terms of how profiles differed by which parent completed
the form, signification associations were found, simulated p < .001. Members of the Parent Child
Subscale Diffuse [PCS Diffuse] profile were more likely to have the form completed by their
non-biological mother, p < .001. Members of the Parent Child Subscale Low Social [PCS Low
Social] profile were more likely to have the form completed by their non-biological father.
Significant associations were not present across profiles in terms of who participants lived with,
X2(9, N = 700) = 14.6, p = .103.
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Table 18
Parent Child Subscale (PCS) LPA Profile Demographics
Profile
Typical
Thriving
Diffuse
Low Social
Demographic Variables
Profile n (%)
407 (58.14)
190 (27.14)
64 (9.14)
39 (5.57)
Age Mean (SD)
8.02(2.01)
8.14(2.07)
7.69(1.88)
7.67(1.75)
Male n (%)
215 (61.43)
73 (20.86)*
41 (11.71)
21 (6.00)
Female n (%)
192 (54.86)
117 (33.43)*
23 (6.57)
18 (5.14)
Asian
12 (42.86)
12 (42.86)
1 (3.57)
3 (10.71)
Black
56 (50.45)
29 (26.13)
16 (14.41)
10 (9.01)
Ethnicity
Hispanic
57 (57.58)
24 (24.24)
8 (8.08)
10 (10.10)
n (%)
White
269 (61.84)
119 (27.36)*
32 (7.36)
15 (3.45)
Other
13 (48.15)
6 (22.22)
7 (25.93)*
1 (3.70)
122 (54.22)
49 (21.78)
31 (13.78)* 23 (10.22)*
£HS
Parent
Associate
123 (58.85)
53 (25.36)
22 (10.53)
11 (5.26)
Education
n (%)
88 (28.67)
11 (4.14)*
5 (4.95)*
³University 162 (58.02)
Mother
340 (70.83)
168 (19.44)
49 (4.17)
29 (5.56)
Father
51 (70.83)
14 (19.44)
3 (4.17)
4 (5.56)
NB Mother
6 (31.58)
5 (26.32)
7 (36.84)*
1 (5.26)
Rater
NB Father
2 (33.33)
0 (0)
1 (16.67)
3 (50)*
Relation
n (%)
Other Relative 7 (46.67)
2 (13.33)
4 (26.67)
2 (13.33)
Non-Relative
0 (0)
0 (0)
0 (0)
0 (0)
Other
0 (0)
0 (0)
0 (0)
0 (0)
Both Parents
92 (51.69)
62 (34.83)
17 (9.55)
7 (3.93)
Mother
186 (58.86)
79 (25)
31 (9.81)
20 (6.33)
Lives with
n (%)
Father
113 (64.94)
43 (24.71)
12 (6.90)
6 (3.45)
Other
13 (59.09)
4 (18.18)
2 (9.09)
3 (13.64)
Note. Percentages were calculated out of the total n for each row. HS = High School, NB = NonBiological
* Age based ANOVA, Chi-Square Test of Independence, Monte Carlo simulated p-value
significant at p < .05
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Self Rater - Adolescent Items
The adolescent item-level LPA with self raters yielded six profiles. The largest group was
characterized by estimated item means that tended to be slightly less than half of a standard
deviation above or below the mean in a positively valanced direction. This profile will be
referred to as the Self Adolescent Item Well-Adjusted [SAI Well-Adjusted] profile.
The second largest profile was characterized by average estimated item means across all
domains. A question about fatigue was slightly elevated and another about self-injurious
behavior was slightly low, but both were well within the average range. This will be described as
the Self Adolescent Item Typical [SAI Typical] profile.
The next largest group reflected scores that tended to range from half of a standard
deviation to a full standard deviation away from the mean, with generally low (mild) conduct
items, low (mild) negative affect, and low (mild) cognitive/attention. Social and academic items
were all above the high (mild) cut-off. Given that this group shows the highest adaptive levels, it
will be referred to as the Self Adolescent Item Thriving [SAI Thriving] profile.
Two profiles both contained close to 10% of the sample. The larger one (n = 77) reflected
high (moderate to extreme) levels of conduct related behavior, generally high (mild to moderate)
endorsement of items relating to negative affect, elevated (moderate) cognitive/attention
concerns, low (mild to moderate) social and academic functioning. The most extreme items
across each subscale related to being sent to an authority for discipline, ideation about self-harm,
impulsivity, maintaining friendships, receiving failing grades, and missing school. This profile
will be considered the Self Adolescent Item Diffuse [SAI Diffuse] profile. The other profile (n =
70) included mild to moderate elevations across conduct items, generally high (mild) levels of
negative affect and attention, and generally average social and academic functioning outside of a
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question about receiving failing grades, which was low (mild). Elevated conduct items generally
related to emotional dysregulation (i.e., appearing angry, verbal/physical aggression, and losing
temper), elevations across negative affect and cognitive/attention items were fairly consistent,
although questions about feeling embarrassed/ashamed and self-injurious behavior were
relatively low. Considering the fairly high endorsement of concerns across almost all domains,
this will be referred to as the Self Adolescent Item Mild Diffuse [SAI Mild Diffuse] profile.
The smallest Self Adolescent Item [SAI] group included average functioning across
maladaptive scales, generally low (moderate) social functioning, and low (mild) academic
performance. The slightly elevated (Z = .45) conduct item related to being sent to an authority
for discipline. Notably, this group did not tend to endorse receiving failing grades at school. The
most extreme social score related to feeling comfortable when relating to others. This group will
be labeled the Self Adolescent Item Low Social [SAI Low Social] profile.
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Figure 9
Self Rater Adolescent Subscale (SAI) LPA Profiles
Well Adjusted (30%)

Typical (26%)

Thriving (16%)

Diffuse (11%)

Mild Diffuse (10%)

Low Social (7%)
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BIMAS-2 Items

Note. Standardized BIMAS-2 item means for each latent profile are plotted above. Profile sizes
in percentages relative to the total sample (n = 700) are included in parentheses next to proposed
profile names. Items are grouped together according to the subscale they belong to, which is
noted in parentheses below item numbers.
Across demographic variables, profiles did not differ significantly in terms of participant
age as tested in one-way ANOVA with six levels representing the different profiles, F(5, 694) =
.55, p = .457. Results of the chi-square test indicated that profiles did differ in term of participant
sex, X2(5, N = 700) = 32.7, p < .001. Post-hoc analyses indicated that participants who were male
were more likely to belong to the Self Adolescent Item Low Social [SAI Low Social] profile and
less likely to belong to the Self Adolescent Item Thriving [SAI Thriving] group (p < .001 and p =
.002). The opposite relationship was noted for female participants, p < .001 and p = .002,
respectively. Significant differences were also observed between profile membership and
ethnicity, X2(20, N = 700) = 71.5, p < .001. Pairwise comparisons indicated that participants who
were identified as Black were more likely to belong to the Self Adolescent Item Diffuse [SAI
Diffuse] profile (p = .04), while members of the Self Adolescent Item Typical [SAI Typical]
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profile were more likely to be White, p = .005. Members of the Self Adolescent Item Thriving
[SAI Thriving] profile were more likely to be Hispanic and less likely to be White (p < .001 and
p = .01). There were no significant relationships between profile membership and parental
education level, X2(15, N = 700) = 20.9, p = .14. In terms of how profiles differed by which
parent completed the consent signification associations were found, simulated p <.001. Members
of the Self Adolescent Item Diffuse [SAI Diffuse] profile were less likely to have the consent
completed by their mother and more likely to have it completed by a non-relative (p = .02 and p
< .001). Members of the Self Adolescent Item Well-Adjusted [SAI Well-Adjusted] profile were
less likely to have the consent completed by a non-relative (p = .007). Significant associations
were also present across profiles in terms of who participants lived with, X2(15, N = 700) =
131.09, p < .01. Members of the Self Adolescent Item Diffuse [SAI Diffuse] profile were more
likely to live with a caregiver who fell within the Other category (p < .001). Significant
relationships were also noted between profile membership and who read the questionnaire,
X2(15, N = 700) = 73.9, p < .001. Members of the Self Adolescent Item Diffuse [SAI Diffuse]
profile were less likely to read the form themselves and more likely to have it read to them by an
administrator (p <.001 and p <.001). Members of the Self Adolescent Item Thriving [SAI
Thriving] profile were more likely to read the form themselves (p =.03).
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Table 19
Self Adolescent Item (SAI) LPA Profile Demographics
Demographic Variables
Profile n (%)
Age Mean (SD)
Male n (%)
Female n (%)
Ethnicity
n (%)

Parent Education
n (%)

Rater Relationship
n (%)

Lives with
n (%)
Form read by
n (%)

Asian
Black
Hispanic
White
Other
£ HS
A/T
³ University
Mother
Father
NB Mother
NB Father
Other Relative
Non-Relative
Other
Both Parents
Mother
Father
Other
Self
Administrator
Other

Well-Adjusted
207 (29.57)
14.75(2.01)
111 (31.71)
96 (27.43)
11 (39.29)
23 (21.62)
30 (30.30)
130 (29.95)
13 (46.43)
52 (26.80)
63 (30)
72 (31.03)
147 (33.26)
18 (22.50)
5 (38.46)
1 (16.17)
1 (10)
0 (0)*
0 (0)
8 (27.59)
34 (23.94)
108 (34.29)
3 (8.33)
180 (32.14)
7 (12.96)
0 (0)

Typical
182 (26)
15.04(2)
84 (24)*
98 (28)*
4 (14.29)
24 (21.62)
15 (15.15)
134 (30.9)*
5 (17.86)
40 (20.62)
58 (27.62)
67 (28.88)
119 (26.92)
24 (30)
2 (15.38)
1 (16.17)
2 (20)
4 (12.50)
0 (0)
5 (17.24)
37 (26.06)
83 (26.35)
4 (11.11)
143 (25.54)
10 (18.52)
1 (25)

Profiles
Thriving
Diffuse
112 (16)
77 (11)
15.1 (2.06)
15.3(1.89)
38 (10.86)
46 (13.43)
74 (21.41)
31 (8.86)
5 (17.86)
1 (3.57)
18 (16.22)
22 (19.8)*
34 (34.34)*
4 (4.04)
53 (12.21)*
47 (10.83)
2 (7.14)
3 (10.71)
40 (20.62)
23 (11.86)
33 (15.71)
20 (9.52)
31 (13.36)
31 (13.36)
84 (19)
35 (7.92)*
16 (20)
7 (8.75)
2 (15.38)
0 (0)
0 (0)
1 (16.17)
0 (0)
2 (20)
0 (0)
22 (68.75)*
0 (0)
0 (0)
9 (31.03)
0 (0)
29 (20.42)
15 (10.56)
56 (17.78)
27 (8.57)
1 (2.78)
22 (61.11)*
102 (18.2)*
42 (7.50)*
3 (5.56)
21 (38.9)*
1 (25)
1 (25)

Mild Diffuse
70 (10)
14.83(2.1)
31 (8.86)
39 (11.14)
1 (3.57)
17 (15.32)
7 (7.07)
42 (9.68)
3 (10.71)
23 (11.86)
17 (8.10)
22 (9.48)
32 (7.24)
7 (8.75)
2 (15.38)
2 (33.33)
3 (30)
3 (9.38)
0 (0)
2 (6.90)
14 (9.86)
27 (8.57)
3 (8.33)
56 (10)
8 (14.81)
0 (0)

Note. Percentages were calculated out of the total n for each row. NB = Non-Biological, HS = High School, A/T =
Associate/Technical
* ANOVA, Chi-Square Test of Independence, or Monte Carlo simulated p-value significant at p < .05

Low Social
52 (7.43)
15.42(1.9)
40 (11.4)*
12 (3.34)*
6 (21.43)
7 (6.31)
9 (9.09)
28 (6.45)
2 (7.14)
16 (8.25)
19 (9.05)
9 (3.88)
25 (5.66)
8 (10)
2 (15.38)
1 (16.17)
2 (20)
3 (9.39)
0 (0)
5 (17.24)
13 (9.15)
14 (4.44)
3 (8.33)
37 (6.61)
5 (9.26)
1 (25)
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Self Rater - Adolescent Subscales
The adolescent subscale-level LPA with the self-rater sample (SAS) comprised of six
profiles. The largest profile was characterized by average functioning across all subscales and
will be referred to as the Self Adolescent Subscale Typical [SAS Typical] profile. The second
largest participant group reflected estimated means that were generally low (mild) across
maladaptive domains and average in social and academic areas. It showed good differentiation
from the Self Adolescent Subscale Typical [SAS Typical] profile in conduct, negative affect, and
cognitive/attention domains and will be referred to as the Self Adolescent Subscale WellAdjusted [SAS Well-Adjusted] profile.
The Self Adolescent Subscale [SAS] LPA also showed a profile with high (moderate)
elevations across conduct, negative affect, and cognitive/attention subscales, and low (mild)
social and adaptive functioning. This solution is similar to the Self Adolescent Item [SAI Mild
Diffuse] profile, but with the social and academic domains showing slightly lower values. Given
that all scales are impacted, this will be considered the Self Adolescent Subscale Mild Diffuse
[SAS Mild Diffuse] profile.
The fourth largest profile was characterized by low (moderate) estimated means across
conduct, negative affect, and cognitive/attention domains, and high (moderate) social and
academic functioning. This will be labeled the Self Adolescent Subscale Thriving [SAS
Thriving] profile.
The final two participant groups both comprised of close to six percent of the Self
Adolescent Subscale [SAS] sample. One of these included elevated conduct, average negative
affect, average cognitive/attention, low (moderate) social functioning, and low (moderate)
academic performance. This group had the lowest social functioning of all profiles, and the
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second lowest academic performance. It was very similar to the Self Adolescent Item Low Social
[SAI Low Social] profile, however the estimated conduct mean was slightly higher than
expected, falling in the high (mild) range. Within the Self Adolescent Subscale Low Social [SAS
Low Social] profile there was one conduct item that approached the high (mild) range. As the
most extreme score was still in the social area, this will be referred to as the Self Adolescent
Subscale Low Social [SAS Low Social] profile.
The other profile containing about six percent of the Self Adolescent Subscale [SAS]
sample was defined by high (extreme) conduct, high (moderate) negative affect, high (moderate)
cognitive/attention, low (moderate) social skills, and low (moderate) academic functioning.
Given the elevated concerns across all areas, this will be referred to as the Self Adolescent
Subscale Diffuse [SAS Diffuse] profile.
Figure 10
Self Rater Adolescent Subscale (SAS) LPA Profiles
Typical (34%)

Well Adjusted (31%)

Mild Diffuse (14%)

Thriving (10%)

Low Social (6%)

Diffuse (6%)
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BIMAS-2 Subscales
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Note. Standardized BIMAS-2 subscale means for each latent profile are plotted above. Profile
sizes in percentages relative to the total sample (n = 700) are included in parentheses next to
proposed profile names.
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Across demographic variables, profiles did not significantly differ in terms of participant
age as tested in one-way ANOVA with six levels representing the different profiles, F(5, 694) =
2.61, p = .107. Results of the chi-square test of independence indicated that profiles did differ in
term of participant sex, X2(5, N = 700) = 24.9, p < .001. Post-hoc analyses indicated that
participants who were male were more likely to belong to the Self Adolescent Subscale Low
Social [SAS Low Social] profile and less likely to belong to the Self Adolescent Subscale
Thriving [SAS Thriving] group (p < .001 and p = .04). The opposite relationship was noted for
female participants, p < .001 and p = .04, respectively. Significant differences were also
observed between profile membership and ethnicity, simulated p <.001. Pairwise comparisons
indicated that members of the Self Adolescent Subscale [SAS Typical] profile were more likely
to be White, p = .01. Similar to the Self Adolescent Item [SAI] analysis, members of the Self
Adolescent Subscale Thriving [SAS Thriving] profile were more likely to be Hispanic and less
likely to be White, p < .001 and p = .003, respectively. There were significant relationships
between profile membership and parental education level, X2(15, N = 700) = 39.2, p < .001. Posthoc results indicated that members of the Self Adolescent Subscale Diffuse [SAS Diffuse]
profile were more likely to have caregivers with a university education or more, and that
members of the Self Adolescent Subscale [SAS Thriving] profile were more likely to have
caregivers with less than or equal to a high school diploma. Importantly, these findings are
contrary to all proceeding analyses and are quite anomalous. In fact, given findings from teacher
and parent raters exactly the opposite relationship would be expected. Within the self-report
sample, the proportion of Hispanic youth with a caregiver education of high school or less was
49%. Thirty six percent of the Self Adolescent Thriving [SAS Thriving] profile was of Hispanic
ethnicity. Thirty seven percent of the of youth with White ethnic identity had a parent education
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level of university or more education. Although not statistically unlikely, 70% of youth in the
Self Adolescent Subscale Diffuse [SAS Diffuse] profile were of White ethnicity. Although
unlikely, data and variables were double checked for any computational errors at this time and
none were located. In terms of how profiles differed by which parent completed the consent,
signification associations were found, simulated p <.001. Members of the Self Adolescent
Subscale Mild Diffuse [SAS Mild Diffuse] profile were less likely to have the form completed
by their mother and more likely to have it completed by a non-relative (p = .02 and p < .001).
The same relationships were found with members of the Self Adolescent Subscale Diffuse [SAS
Diffuse] profile (p = .006 and p <.001). Members of the Self Adolescent Subscale Well-Adjusted
[SAS Well-Adjusted] profile were less likely to have the consent completed by a non-relative, p
= .02. Significant associations were also present across profiles in terms of who participants
lived with, X2(15, N = 700) = 151.6, p < .001. Members of the Self Adolescent Subscale Diffuse
[SAS Diffuse] profile were more likely to live with a caregiver who fell under the Other category
(p < .001). Members of the Self Adolescent Subscale Well-Adjusted [SAS Well-Adjusted]
profile were more likely to have the form completed by both parents, p = .01. Significant
relationships were also noted between profile membership and who read the questionnaire,
simulated p < .001. Members of the Self Adolescent Subscale Diffuse [SAS Diffuse] profile
were less likely to read the form themselves and more likely to have it read to them by an
administrator (p <.001 and p <.001, respectively). Members of the Self Adolescent Subscale
Well-Adjusted [SAS Well-Adjusted] profile were more likely to read the form themselves, p =
.001.
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Table 20
Self Adolescent Subscale (SAS) LPA Profile Demographics
Demographic Variables
Profile n (%)
Age Mean (SD)
Male n (%)
Female n (%)
Asian
Black
Ethnicity n (%)
Hispanic
White
Other
£ HS
Parent Education
A/T
n (%)
³ University
Mother
Father
NB Mother
Rater Relationship
NB Father
n (%)
Other Relative
Non-Relative
Other
Both Parents
Mother
Lives with
n (%)
Father
Other
Self
Form read by
Administrator
n (%)
Other

Typical
236 (33.71)
14.98(2.01)
112 (32)
124 (35.43)
9 (32.14)
31 (27.93)
22 (22.22)
167 (38.4)*
7 (25)
55 (28.35)
74 (35.24)
83 (35.78)
150 (33.94)
32 (40)
3 (23.08)
1 (16.67)
3 (30)
3 (9.38)
0 (0)
9 (31.03)
45 (31.69)
110 (34.92)
4 (11.11)
183 (32.68)
14 (25.93)
1 (25)

Well Adjusted
219 (31.29)
14.66(2.06)
108 (30.86)
111 (31.71)
14 (50)
26 (23.42)
32 (32.32)
135 (31.11)
12 (42.86)
50 (25.77)
70 (33.33)
80 (34.48)
155 (35.07)
20 (25)
6 (46.15)
1 (16.67)
1 (10)
1 (3.13)*
0 (0)
7 (24.14)*
37 (26.06)
120 (38.10)
3 (8.33)
195 (34.8)*
7 (12.96)
1 (25)

Profiles
Mild Diffuse
95 (13.57)
15.41(2)
51 (14.57)
44 (12.57)
3 (10.71)
25 (22.52)
7 (7.07)
56 (12.90)
4 (14.29)
31 (15.98)
28 (13.33)
27 (11.64)
46 (10.4)*
9 (11.25)
3 (23.08)
1 (16.67)
3 (30)
11 (34.4)*
0 (0)
3 (10.34)
20 (14.08)
35 (11.11)
9 (25)
70 (12.50)
13 (24.07)
0 (0)

Thriving
69 (9.86)
15.30(1.91)
23 (6.57)*
46 (13.14)*
1 (3.57)
13 (11.71)
25 (25.25)*
28 (6.45)*
2 (7.14)
30 (15.46)*
19 (9.05)
14 (6.03)
54 (12.22)
10 (12.50)
0 (0)
0 (0)
0 (0)
0 (0)
0 (0)
7 (24.14)
20 (14.08)
29 (9.21)
1 (2.78)
63 (11.25)
1 (1.85)
0 (0)

Low Social
41 (5.86)
15.49(1.9)
33 (9.43)*
8 (2.29)*
1 (3.57)
7 (6.31)
11 (11.11)
20 (4.61)
2 (7.14)
19 (9.79)
12 (5.71)
5 (2.16)
23 (5.20)
6 (7.50)
1 (7.69)
2 (33.33)
2 (20)
2 (6.25)
0 (0)
3 (10.34)
16 (11.27)
9 (2.86)
3 (8.33)
31 (5.54)
4 (7.41)
1 (25)

Note. Percentages were calculated out of the total n for each row. NB = Non-Biological, HS = High School, A/T =
Associate/Technical
* ANOVA, Chi-Square Test of Independence, or Monte Carlo simulated p-value significant at p < .05

Diffuse
40 (5.71)
15(1.62)
23 (6.57)
17 (4.86)
0 (0)
9 (8.11)
2 (2.02)
28 (6.45)
1 (3.57)
9 (4.64)
7 (3.33)
23 (9.91)*
14 (3.17)*
3 (3.75)
0 (0)
1 (16.67)
1 (10)
15 (46.9)*
0 (0)
0 (0)
4 (2.82)
12 (3.81)
16 (44.4)*
18 (3.21)*
15 (27.8)*
1 (25)
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Across all of the solutions presented above, there were a total of 10 different profiles
identified; thriving, well-adjusted, typical, reduced social, low social, mild EF, moderate EF,
mild diffuse, moderate diffuse, and diffuse. As noted previously, this information will be used to
answer research questions one and two, which relate to the number and characteristics of profiles
present across BIMAS-2 samples.
In order to answer research question three, which aimed to assess the interrater stability
of profiles, results were compared across LPA solutions below. Support for interrater stability
across profiles will be quantified by using three different rating categories based on frequency of
replications across analyses. High support will include profiles that were present in every
analysis. Moderate support will comprise of profiles that were replicated across every rater group
but not necessarily every developmental level or level of analysis. Low support will include
profiles that were restricted to two or less rater groups. See Table 21 for prevalence of profiles
across analyses, along with stability ratings. Interrater stability is further examined by the
generation of profile specific plots across raters, displayed in Figures 11-21. These plots, along
with the figures displayed below, will also be used to answer research question five, which
comprised of a comparison between item-level and subscale-level LPA solutions.
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Table 21
Interrater Stability of BIMAS-2 Profiles
Profile
LPA Sample
Stability
TAI TAS TCI TCS PAI PAS PCI PCS SAI SAS
Thriving
O
O
X
X
X
X
X
X
X
X Moderate
Well-Adjusted
O
O
O
O
O
O
O
O
X
X
Low
Typical
X
X
X
X
X
X
X
X
X
X
High
Reduced
O
O
O
O
O
X
O
O
O
O
Low
Social
Low Social
X
X
O
O
O
O
O
X
X
X Moderate
Mild EF
X
X
X
O
O
O
O
O
O
O
Low
Moderate EF
O
O
X
O
O
O
O
O
O
O
Low
Mild Diffuse
O
O
O
X
X
X
X
O
X
X Moderate
Moderate
O
O
X
O
O
O
O
O
O
O
Low
Diffuse
Diffuse
X
X
X
X
X
X
X
X
X
X
High
Note. BIMAS-2 profiles that are present (X) or absent (O) across each latent profile analysis
conducted in this study, accompanied by an interrater stability support rating of high, moderate,
or low. TAI = Teacher Adolescent Item, TAS = Teacher Adolescent Subscale, TCI = Teacher
Child Item, TCS = Teacher Child Subscale, PAI = Parent Adolescent Item, PAS = Parent
Adolescent Subscale, PCI = Parent Child Item, PCS = Parent Child Subscale, SAI = Self
Adolescent Item, SAS = Self Adolescent Subscale
Eight of the ten LPA solutions contained a profile that was characterized by a level of
functioning higher than typical profiles; a thriving profile. Within the self-report samples, a
second adaptive profile emerged; the well-adjusted group. The two well-adjusted profiles tended
to split the difference between typical and thriving profiles with a varying degree of separation.
These two profiles are plotted together with thriving profiles in Figures 11-12 to help with
comparisons to other adaptive profiles and visual analysis of interrater stability.
Percentage of total sample across thriving and well-adjusted profiles ranged from 1030%. Note the probable association between drops in the self-report profiles sizes and the
inclusion of the well-adjusted profiles. The thriving profiles tended to be associated with the
following demographic variables: female sex, White ethnicity, teachers knowing the participant
for 12 months or more, parent education level of associate/technical degree or greater, decreased
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likelihood of caregivers to having a high school diploma or less education, decreased likelihood
for the rater to be from the Other category, less likely to live with a caregiver from the Other
category, and more likely to read the items themselves. Within Parent Adolescent Subscale
[PAS] analysis, members of the thriving profile tended to be slightly older than in other profiles.
Some unexpected relationships also emerged across self-raters. For example, members were
more likely to be of Hispanic ethnicity and less likely to be of White ethnicity. Also, within the
self-report thriving profiles, a parent education level of high school or less was more likely.
Members of well-adjusted profiles were less likely to have a caregiver from the Other category
consent to them completing the questionnaire, more likely to live with both parents, and more
likely to read questionnaire items themselves.
Overall, the thriving profile showed broadly consistent size/shape replication across each
child sample, and across parent and self-rater analyses. With this in mind, interrater stability is
considered to be moderate overall, as evidence for the existence of an adolescent thriving profile
associated with teacher raters was unestablished at this time. Stability is considered to be wellsupported between teacher and parent ratings of 5 to 11 year old children and 12 to 18 year old
parent and self-raters.
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Figure 11
Thriving and Well-Adjusted Item-Level Profiles
TCI Thriving (35%)

PAI Thriving (33%)

PCI Thriving (39%)
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Note. TCI = Teacher Child Item, PAI = Parent Adolescent Item, PCI = Parent Child Item, SAI =
Self Adolescent Item
Figure 12
Thriving and Well-Adjusted Subscale-Level Profiles
TCS Thriving (23%)

PAS Thriving (12%)

PCS Thriving (27%)

SAS Thriving (10%)

SAS Well-Adjusted (31%)
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Note. TCS = Teacher Child Subscale, PAS = Parent Adolescent Subscale, PCS = Parent Child
Subscale, SAS = Self Adolescent Subscale
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All LPA solutions included a typical profile, which are graphically displayed across
raters in Figures 13-14. Percentage of total sample across typical profiles ranged from 20-58%.
Profiles tended to be consistently positioned from an ordinal perspective. In other words, the
typical profiles were the largest group in eight of ten LPAs. Solutions that included thriving and
well-adjusted profiles had smaller typical groups, and those that did not have higher functioning
groups tended to have typical profiles with lower levels of behavioral concern and higher
adaptive skills (e.g., Teacher Adolescent Item [TAI] and Teacher Adolescent Subscale [TAS]).
This may indicate that participants belonging to higher functioning profiles by other raters are
being categorized as typical in the teacher analysis. As noted previously, the five-profile
solutions in these samples included a flat typical profile along with a congruent thriving profile
but had to be rejected due to small profile size. Within the parent child-level analyses there were
slight elevations on items relating to the conduct subscale, as well as the conduct scale itself. The
Teacher Child Item Typical [TCI Typical] profile did have three items that were low (mild). The
relatively elevated conduct and social means appear to be developmentally appropriate for the
child sample. Although it is interesting that the lower social items were not replicated in the
parent sample. This may be accounted for by parents having less exposure to their children’s
daily interactions with other children than teachers. The Self Adolescent Item Typical [SAI
Typical] profile included slight elevations across items from the negative affect scale, as well as
the cognitive/attention items. The most extreme item related to feeling fatigued. Given the
relationship between fatigue and executive functioning, this relationship seems to make intuitive
sense. Moreover, lack of sleep in adolescence is fairly prevalent in pediatric populations (FrickeOerkermann et al., 2007). This profile was mirrored by the Self Adolescent Subscale Typical
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[SAS Typical] profile. Importantly, the symptom driving the estimated negative affect mean up
in this analysis would not be able to be determined if only subscales were being used in this
study. With consideration of the findings outlined above, the BIMAS-2 Typical profiles showed
a high degree of interrater stability.
Follow up analyses conducted with the different typical profiles indicated that members
overwhelmingly tended to be female. In every instance where this was not the case, females were
significantly overrepresented in a higher functioning group (i.e., well-adjusted or thriving).
Members of typical profiles also tended to be more likely to be known very well by teachers
versus moderately well, of White ethnicity, less likely to be rated by a caregiver from the Other
category, and less likely to live with a caregiver from the Other category.
Figure 13
Typical Item-Level Profiles
TAI Typical (53%)

TCI Typical (20%)

PAI Typical (37%)

PCI Typical (36%)

SAI Typical (26%)
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Note. TAI = Teacher Adolescent Item, TCI = Teacher Child Item, PAI = Parent Adolescent Item,
PCI = Parent Child Item, SAI = Self Adolescent Item
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Figure 14
Typical Subscale-Level Profiles
TAS Typical (43%)

TCS Typical (44%)

PAS Typical (41%)
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Note. TAS = Teacher Adolescent Subscale, TCS = Teacher Child Subscale, PAS = Parent
Adolescent Subscale, PCS = Parent Child Subscale, SAS = Self Adolescent Subscale
Only one analysis (i.e., using the Parent Adolescent Subscale [PAS] group) contained a
reduced social group, and interrater stability is obviously low for this profile. This group was
very similar to the Parent Adolescent Subscale Thriving [PAS Thriving] profile in that estimated
means across behavioral concern scales were well below the mean and the academic mean was
close to average. However, this group differed from both the thriving and typical profiles in these
samples in terms of the social mean, which was slightly below average. Given that the social
concerns do not seem pervasive, this group appears to be meaningfully different from other “low
social” profiles. For comparison, this profile is graphed with low social profiles in Figure 16.
Members of the Parent Adolescent Subscale Reduced Social [PAS Reduced Social] group were
more likely to have the form completed by their non-biological father.
Half of all LPA solutions were associated with a low social profile. Adolescent low social
groups were only replicated across teacher and self-report samples. These profiles were
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relatively consistent in size, at 5-13% of the respective total samples. Low social profiles were
unique to BIMAS-2 samples relative to previous research. Profile shapes seemed to differ
meaningfully between teachers and adolescents, with three groups showing elevations on
items/subscales relating to negative affect. All low social profiles had at least mildly low
academic ratings as well. Specifically, teachers reported more internalizing symptoms while
adolescents endorsed more academic difficulties with the notable exception of earning failing
grades. The latter finding may reflect a teacher bias towards a restricted view of academic
functioning that emphasizes grades above other arguably important pro-academic behavior.
Alternatively, increased internalizing concerns from teachers in the context of more average
range academic ratings may reflect a difference in attribution between the two groups. It may be
that teachers attribute students’ lack of academic engagement as relating to underlying
internalizing symptoms, which could be mismatched with adolescent perceptions of their own
academic behavior.
A low social profile of comparable size and shape was also identified within the Parent
Child Subscale [PCS] analysis. This group was associated with marginally increased severity
across areas of behavioral concern and relatively improved social and academic functioning.
Again, these differences appear to be consistent with developmental differences in functioning
and expectations. It is possible that a low social profile was not replicated in the teacher child
analysis because educators tend to have much broader exposure to the spectrum of
developmentally appropriate/deviant social behavior in childhood than parents. Low social
profiles along with the Parent Adolescent Subscale Reduced Social [PAS Reduced Social] group
are graphed in Figures 15-16. Considering that the low social profile was replicated across each
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rater group, a moderate level of overall support for interrater stability was established.
Importantly and as noted above, stability appeared to be lacking between child samples.
Members of the low social profile tended to be known by teachers for 7-11 months, less
likely to be known for 12 or more months, more likely to be known moderately well by teachers
and less likely to be known very well, more likely to have caregivers report an education level of
high school or less, less likely for caregivers to endorse university or greater level of education,
and more likely to have the form completed by their non-biological father. Within self-report
solutions, males were more likely to be in the low social group.
Figure 15
Low Social Item-Level Profiles
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SAI Low Social (7%)
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Figure 16
Low Social and Reduced Social Subscale-Level Profiles
TAS Low Social (5%)

PAS Reduced Social (12%)

PCS Low Social (6%)

SAS Low Social (6%)
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Note. TAS = Teacher Adolescent Subscale, PAS = Parent Adolescent Subscale, PCS = Parent
Child Subscale, SAS = Self Adolescent Subscale
Three LPA solutions had a profile associated with elevated items/subscales related to
executive dysfunction or poor attention; a mild EF profile. This profile was relatively large,
ranging from 23-40% of the respective total samples. The mild EF groups were only found in
teacher-rated samples. These profiles also had mildly low academic ratings. They are
differentiated from the mild diffuse profiles by their lack of symptoms relating to conduct,
negative affect, and social skills.
Members of the mild EF profile were more likely to be male, it was more likely for
teachers to know them moderately well and less likely for teachers to know them very well, and
teachers were more likely to know them from 7-11 months. One LPA solution (i.e., the Teacher
Child Item [TCI analysis]) also included a moderate EF profile, characterized by elevated
symptoms of conduct and academic weaknesses and high concerns across items related to the
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cognitive/attention scale. Needless to say, the stability of this profile was low. Members of this
profile were more likely to be male.
Both mild and moderate EF item-level profiles are plotted in Figure 17 for comparison.
The Teacher Adolescent Subscale Mild EF [TAS Mild EF] profile was plotted in Figure 19 for
comparison, as it was the only one of this type at the subscale level.
Figure 17
Mild and Moderate Executive Functioning Item-Level Profiles
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Note. TAI = Teacher Adolescent Item, TCI = Teacher Child Item
There were a total of six LPA solutions with a mild diffuse profile. Proportion of the total
relative sample ranged from 10-27%. Mild diffuse profiles were replicated across each rater
group, however, not at every developmental level or level of analysis. Therefore, a moderate
level of support for the interrater stability of this profile was established. These profiles were of
comparable size (i.e., 18-19% of each respective sample) and shape across parent-adolescent
analyses. The Parent Child Item Mild Diffuse [PCI Mild Diffuse] profile was of comparable size
but mean levels were more extreme in areas related to attention/executive functioning and social
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skills, which may be consistent with developmental variation. Self Adolescent Item [SAI] and
Self Adolescent Subscale [SAS] analyses yielded mild diffuse profiles that were slightly smaller,
at 10% and 14% of the total sample, respectively. The Teacher Child Subscale Mild Diffuse
[TCS Mild Diffuse] profile was considerably larger, at 27% of the total sample. It also displayed
a spike on the cognitive/attention subscale, similar to EF profiles. In three of the solutions the
most extreme scores were on items/subscales relating to cognitive attention. Negative affect was
the most elevated in the other three. Members of mild diffuse profiles tended to be male, were
associated with a caregiver education level less than or equal to a high school diploma in one
analysis, and in the Self Adolescent Subscale [SAS] solution these participants were less likely
to have their biological mother consent them into the study and more likely to have this be done
by a non-relative. One LPA solution also included a moderate diffuse profile, characterized by an
elevated level of concern across all domains that fell in between the mild diffuse and diffuse
profiles. This profile was observed in the Teacher Child Item [TCI] analysis. The most extreme
items across this profile related to the negative affect domain. While this profile does seem to
have strong components of internalizing psychopathology and emotional dysregulation, the
elevated concerns in other areas make it tenuous to speculate on directionality. The moderate
diffuse profile was associated with teacher responses of “only a little” to the question “how well
do you know this child?”. To summarize, mild diffuse profiles were fairly replicable across
parent and self-rater samples, with the latter being smaller in size. It was also present in the
Teacher Child Subscale [TCS] sample. Mild and moderate diffuse profiles are graphically
represented in Figures 18-19. The TAS Mild EF profile is also included in Figure 19 for
comparison.
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Figure 18
Mild and Moderate Diffuse Item-Level Profiles
TCI Moderate Diffuse (8%)

PAI Mild Diffuse (18%)

PCI Mild Diffuse (19%)
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Note. TCI = Teacher Child Item, PAI = Parent Adolescent Item, PCI = Parent Child Item, SAI =
Self Adolescent Item
Figure 19
Mild Diffuse and Executive Functioning Subscale-Level Profiles
TCS Mild Diffuse (27%)

PAS Mild Diffuse (19%)

SAS Mild Diffuse (14%)
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Note. TAS = Teacher Adolescent Subscale, TCS = Teacher Child Subscale, PAS = Parent
Adolescent Subscale, SAS= Self Adolescent Subscale
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All LPA solutions contained a diffuse profile, characterized by moderately to severely
elevated estimated means across a majority of items/subscales, indicating a high level of support
for interrater of stability. These groups were relatively small, with the relative proportions
ranging from 6-16% of the relative total sample. Diffuse profiles were the smallest group in
seven of ten instances. Diffuse profiles are graphed in Figures 20-21. In all but the Parent Child
Item [PCI] analysis the diffuse profiles had the most extreme item/subscale means across
items/subscales from the conduct, negative affect, cognitive/attention, and academic domains.
Members of diffuse profiles tended to be male, were more likely to be known by teachers
for 1-3 months, more likely to be of Black ethnicity or fall within the Other ethnicity category,
more likely for caregivers to report an education level of high school diploma or less, less likely
for caregivers to report an education level of associate/technical degree, less likely for caregivers
to report an education level of university or more, less likely to be rated by their biological
mother, more likely to be rated by a caregiver from the Other category, more likely to have the
form completed by their non-biological mother, more likely to live with a caregiver from the
Other category, less likely to read items themselves, and more likely to have items read to them
by an administrator. Another anomalous finding was associated with the Self Adolescent
Subscale [SAS] solution, in which members of the diffuse group were more likely to report that
caregivers had at least a university level of education. This relationship was not represented in
any other analysis.
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Figure 20
Diffuse Item-Level Profiles
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Note. TAI = Teacher Adolescent Item, TCI = Teacher Child Item, PAI = Parent Adolescent Item,
PCI = Parent Child Item, SAI = Self Adolescent Item
Figure 21
Diffuse Subscale Level Profiles
TAS Diffuse (11%)

TCS Diffuse (6%)
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Note. TAS = Teacher Adolescent Subscale, TCS = Teacher Child Subscale, PAS = Parent
Adolescent Subscale, PCS = Parent Child Subscale, SAS = Self Adolescent Subscale
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Phase 4: Diagnostic Comparisons
To address research question four regarding the relationship between DSM diagnoses and
BIMAS-2 latent profiles, 70 clinical cases were randomly selected from the clinical sample and
then appended to each LPA sample. The demographic characteristics of the overall clinical
samples are displayed in Chapter III. Data were coerced to fit into the prespecified model
conditions that were outlined in the enumeration phase. The purpose of this analysis was to
simply track which profile these cases were assigned to. LPA solution fit and characteristics
were not formally interpreted. However, profiles were visually inspected to ensure that no
dramatic deviations from core characteristics occurred. Model fit statistics were checked to
ensure that the new solutions continued to indicate acceptable levels of entropy and minimum
profile size. Anecdotally, LPA solutions with the additional clinical cases were highly
comparable to the original estimations across samples. This indicated solid coverage of
normative psychopathology in the original samples and provides a small degree of reliability
evidence for these profiles based on the replication profiles over slightly modified samples.
The results of several separate chi square tests, again using the Monte Carlo simulated pvalue to compensate for low cell counts, indicated that disorder categories were not associated
with any one profile across the following samples; Teacher Adolescent Subscale [TAS], Teacher
Child Item [TCI], Teacher Child Subscale [TCS], Parent Child Item [PCI], and Parent Child
Subscale [PCS].
While the omnibus test was significant for the Teacher Adolescent Item [TAI] sample
(simulated p = .002), no pair-wise comparisons with a Bonferroni adjusted alpha-level were
statistically significant.
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Within the Parent Adolescent Item [PAI] sample, the diffuse profile was positively
associated with disruptive-behavior disorders (DBD), simulated p = .03. Among the clinical
sample, those with a diagnosis of pervasive developmental disorder (PDD) were more likely to
be members of the Parent Adolescent Subscale Typical [PAS Typical] (simulated p = .05) and
Parent Adolescent Subscale Reduced Social [PAS Reduced Social profiles] (simulated p < .001),
and less likely to belong to the Parent Adolescent Subscale Diffuse [PAS Diffuse] profile
(simulated p < .001). Individuals from the Other diagnostic category were more likely to be in
the Parent Adolescent Subscale Thriving [PAS Thriving] profile, simulated p = .008, although
only with a count of one.
Members of the Self Adolescent Item Mild Diffuse [SAI Mild Diffuse] profile were more
likely to have a diagnosis of major depressive disorder (MDD), simulated p = .05. Membership
in the Self Adolescent Subscale Well-Adjusted [SAS Well-Adjusted] profile was positively
associated with the Other diagnostic group (simulated p = .02), while membership in the Self
Adolescent Subscale Diffuse [SAS Diffuse] profile was negatively associated with the attention
deficit/hyperactivity diagnosis (ADHD), simulated p = .04. Profiles with diagnosis counts from
this analysis are displayed in Table 22.
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Table 22
Associations Between Clinical Sub-Samples and Profiles
Diagnosis
Sample
Profile
DBD ADHD Anxiety MDD Other PDD LD
Typical
4
4
3
6
2
7
2
Mild EF
10
6
0
0
0
1
0
TAI*
Low Social
0
1
1
3
0
5
0
Diffuse
6
1
1
0
0
0
0
Typical
0
1
0
0
0
1
0
Mild EF
2
7
0
2
0
6
2
TAS
Diffuse
13
7
6
5
0
6
2
Low Social
1
1
2
0
0
0
1
Thriving
1
8
3
4
0
2
1
Mild EF
2
10
1
0
0
3
2
Typical
2
3
2
3
0
3
0
TCI
Mod. EF
2
0
1
1
0
0
0
Mod. Diffuse
0
0
1
2
0
2
2
Diffuse
3
0
2
1
0
2
0
Typical
0
2
4
3
0
0
0
Mild Diffuse
4
13
3
1
0
9
1
TCS
Thriving
0
1
0
0
0
1
0
Diffuse
3
6
3
6
0
6
4
Typical
3
7
3
3
2
7
Thriving
1
5
3
2
1
7
PAI*
Mild Diffuse
8
2
7
2
0
2
Diffuse
4*
0
1
0
0
0
Typical
0
2
0
0
0
6*
Mild Diffuse
1
6
0
1
1
3
PAS*
Reduced Social
0
1
0
0
0
3*
Thriving
0
0
0
0
1*
0
Diffuse
11
8
11
12
3
0*
Thriving
2
9
1
1
8
1
Typical
0
10
3
3
4
6
PCI
Mild Diffuse
1
4
1
1
3
4
Diffuse
2
1
1
0
1
3
Typical
0
1
1
0
0
3
Thriving
3
11
3
1
4
3
PCS
Diffuse
3
11
4
1
7
10
Low Social
0
2
0
0
2
0
-

DD
0
2
4
1
0
1
4
0
1
0
0
0
0
0
0
0
0
0
-
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Table 22, continued
Diagnosis
Sample
Profile
DBD ADHD Anxiety MDD Other PDD LD
DD
Well-Adjusted
1
9
3
1
2
3
Typical
6
4
1
1
1
2
Thriving
0
1
1
0
1
1
SAI*
Diffuse
5
0
3
1
1
1
Mild Diffuse
4
2
2
6*
0
1
Low Social
1
1
0
1
0
3
Typical
0
1
1
0
0
1
Well-Adjusted
0
4
0
1
2*
0
Mild Diffuse
3
9
6
4
0
4
SAS*
Thriving
0
0
0
0
0
0
Low Social
2
2
0
2
0
1
Diffuse
10
1*
3
9
1
3
Note. Random samples consisted of different participants for each analysis. DBD = DisruptiveBehavior Disorders, ADHD = Attention Deficit/Hyperactivity Disorder, MDD = Major
Depressive Disorder, PDD = Pervasive Development Disorder, LD = Learning Disorder, DD =
Developmental Delay, Mod. = moderate, EF = executive functioning, Int. = internalizing, TAI =
Teacher Adolescent Item, TAS = Teacher Adolescent Subscale, TCI = Teacher Child Item, TCS
= Teacher Child Subscale, PAI = Parent Adolescent Item, PAS = Parent Adolescent Subscale,
PCI = Parent Child Item, PCS = Parent Child Subscale, SAI = Self Adolescent Item, SAS = Self
Adolescent Subscale
* Monte Carlo simulated p-value significant at p < .05
An examination of Table 22 reveals a general lack of consistent or meaningful
relationships between latent profiles and diagnoses. While some statistically significant
associations were present, the majority were not well replicated. For example, the positive
relationship between DBD and the Parent Adolescent Item Diffuse [PAI Diffuse] profile makes
sense, along with the positive association with MDD and the Self Adolescent Item Mild Diffuse
[SAI Mild Diffuse] profile. However, these relationships are unique to their respective samples.
It appears most likely that this is a reflection of the well documented shortcomings of DSM
diagnoses in predicting externally valid and consistent levels of child and adolescent functioning.
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Following the generation of random samples and coerced LPAs, the total number of
participants from the clinical sample present in each profile was evaluated to determine if a
particular profile was associated with a higher or lower amount of overall psychopathology. An
examination of the average number of cases across each profile (see Figures 22-23) allows for
some tentative conclusions. Looking at all profiles (i.e., with clinical frequencies aggregated
across profiles), an immediate relationship was not apparent. However, a clear and positive
association between level of pathology and frequency of clinical cases is obvious if the two
levels of analysis are plotted separately. Subscale analyses revealed that mild EF, mild diffuse,
and diffuse profiles were associated with a higher degree of overall psychopathology.
Figure 22
Average Frequency of Clinical Cases by Item-Level Profiles
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Figure 23
Average Frequency of Clinical Cases by Subscale-Level Profiles
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CHAPTER V
DISCUSSION
In an effort to address issues that have long challenged the field of child and adolescent
psychopathology (e.g., diagnostic comorbidity, heterogeneity, dimensionality, poor classification
validity and reliability), a series of person-centered analyses (i.e., latent profile analyses) were
conducted using norm referenced samples of children and adolescents whose functioning was
rated across a variety of symptoms (i.e., the BIMAS-2) related to common pediatric
psychopathology (i.e., broad band externalizing/internalizing, executive functioning and
attention, social and academic functioning). This study was guided by research questions broadly
seeking to explore and compare the number and characteristics of latent profiles, the stability of
profiles across raters, item-level versus subscale-level approaches to profile generation, and
associations between latent profiles and DSM diagnoses. To account for natural developmental
variation in psychopathology, separate analyses were conducted across children (5-11 years of
age) and adolescents (12-18 years of age). Separate analyses were also run across the two
different indicator levels. Following latent profile enumeration, demographic variables
associated with profiles were statistically evaluated. Finally, profiles were coerced to
accommodate a random sample of clinical cases, which were then tracked to explore the
relationship between DSM diagnoses and BIMAS-2 profiles.
I will begin the discussion of findings across the 10 LPAs that were ultimately conducted
by specifically answering each research question. The chapter will then delve into a variety of
implications that that these results bring to risk and protective factors in childhood mental health,
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the classification of mental health in childhood, psychological treatment and assessment, and
allocation of school-based services. This chapter is closes with a brief discussion of study
limitations and directions for future research, followed by a concluding summary.
Research Questions
Research Question 1: Characteristics
of Latent Profiles
The initial question going into this project was relatively open ended, and primarily
sought to simply explore how many profiles were present across each BIMAS-2 sample. Based
on the findings of other studies (DiStefano & Kamphaus, 2006; Mindrila, 2016), a three-profile
solution characterized by variations in symptom severity was hypothesized, with a typically
functioning group, a group with mild difficulties, and another with extreme difficulties across all
indicators. The specific three-profile hypothesis was not supported. However, many individual
BIMAS-2 profiles are thought to be generally consistent with profiles distributed across a range
of symptom severity identified in other studies. Moreover, when LPA solutions across similar
indicators, rater groups, developmental levels, and levels of analysis are compared across studies,
a greater degree of overlap is observed (e.g., BIMAS-2 Teacher Child Subscale [TCS] solutions
compared with BASC-2 TRS-C and TOCA-C studies). These conclusions are consistent with the
findings of a recent meta-analysis of related studies by Peterson et al. (2019).
Out of the 10 different LPAs that were ultimately conducted, best fitting solutions ranged
from four to six profiles. Four was the most common number of profiles generated, with six of
the LPA analyses indicating this many groups. Three LPAs yielded six-profile solutions, and
only one analysis indicated five profiles. Across all of the analyses, there were a total of 10
different profiles identified including the following: thriving, well-adjusted, typical, reduced
social, low social, mild EF, moderate EF, mild diffuse, moderate diffuse, and diffuse. “Diffuse”
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is the language used to describe concurrent elevations across subscales. Split by adolescent
versus child samples, the range was still four to six. No patterns in the number of profiles
generated were discernable by level of analysis or model type.
As noted, the hypothesized three-profile solution detailed in research question one was
not supported across the any LPAs conducted in this study, nor was a four-profile solution as
observed in the CBCL research (Basten et al., 2013; Bianchi, et al., 2017). Uniformly
internalizing and externalizing profiles common in variable centered analyses, CBCL studies,
and as demonstrated in Bonadio et al. (2016) were not replicated.
It is important to note, however, that many other profiles reported in various studies were
indeed present across BIMAS-2 LPAs. Qualitatively, similar profiles include the thriving and
well-adjusted profiles with DiStefano and Kamphaus’s (2006) “optimal adjustment profile” and
the “well-adjusted” profile identified by Racz, et al. (2016), the majority of typical or
“normative” profiles, the mild diffuse profiles with Mindrila’s (2016) “mild adjustment
difficulties” profile, and the diffuse profiles with the “functionally impaired adjustment” profile
from both BASC studies mentioned above, along with the “severe dysregulated” profile
identified in CBCL studies (Basten et al., 2013; Bianchi et al., 2017) and the “high risk” profile
present in Bonadio et al. (2016).
A very high degree of overlap was observed between BIMAS-2 Teacher Child Subscale
[TCS] profiles compared with other research on the TOCA-C by Bradshaw et al. (2015), which
was one of four studies identified that used adaptive indicators (the others being DiStefano &
Kamphaus, 2006; Mindrila, 2016; and Racz et al., 2016). This project found four teacher rated
profiles of 5 to 10 year old children that ranged from High Risk to Socially-Emotionally Skilled
across domains measuring concentration problems, disruptive behaviors, prosocial behaviors,
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and emotion regulation problems. When compared with the Teacher Child Subscale [TCS]
profiles from the current study, the following profiles were highly compatible: BIMAS-2
Thriving (23%) and TOCA-C Socially-Emotionally Skilled (33.6%), BIMAS-2 Typical (44%)
and TOCA-C Normative (36.5%), BIMAS-2 Mild Diffuse (27%) and TOCA-C At-Risk (23.3%),
BIMAS-2 Diffuse (6%) and TOCA-C High Risk (6.6%). The replication of these profiles
provides additional validity evidence for the two teacher/child-based solutions. Moreover, further
support is provided for adaptive profiles that will be critical in understanding and researching the
full range of child and adolescent mental health, as highlighted by proponents of a dual-factor
model of mental health (Greenspoon & Saklofske, 2001; Suldo & Shaffer, 2008).
Variations in the cognitive/attention domain contributed to profiles characterized by
executive dysfunction, but only in the teacher sample. It is noteworthy that a “concentration
problems” profile was also identified in a sample of kindergarteners rated by teachers on the
TOCA-C (Racz et al., 2016). Even though EF profiles lacked replication across other raters, it is
interesting to speculate about what factors may be driving this difference. It seems likely that
demands in the school setting may promote the expression of increased attention and executive
functioning problems. This could account for the differences between teachers and parents, but it
doesn’t explain the absence of this group in the self-report sample. Perhaps this can be explained
by a lack of self-awareness or meta-cognition, another facet of executive functioning that could
also be impacted in members of these profiles.
Profiles characterized by social dysfunction were replicated to a moderate extent (i.e.,
across every rater group but not every developmental level) and appear to be unique to BIMAS-2
samples. This is not entirely surprising given that LPA solutions naturally vary by indicators
used and social dimensions are rarely included. Nonetheless, these groups represent a promising
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area of heterogeneity in child and adolescent functioning that can potentially account for a
broader range of functioning than more narrowly specified indicators. Indeed, it is compelling
that dimensions such as internalizing and externalizing have not emerged in studies that include
dimensions of adaptive functioning such those with the TOCA-C and the BASC.
Research Question 2: Dysregulation
Profile
The second research question related to the replication of the Biederman et al. (1995)
dysregulation profile across BIMAS-2 samples. Such a profile would theoretically include
endorsement of high levels of aggression, attention concerns, and anxiety/depression. It was
hypothesized that such a profile would likely be subsumed by a group characterized by diffuse
psychopathology across all domains, not unlike the severe dysregulated profile identified by
Bianchi et al., (2017), which comprised of extreme levels across the three characteristic scales in
addition to elevated concerns related to social problems, withdrawn behavior, and thought
problems. This hypothesis was strongly supported, with BIMAS-2 Diffuse profiles (i.e., groups
with concurrent elevations across a majority of domains) of comparably small size being
replicated across every LPA in this study. Consult Figures 21-23 and Table 21 in Chapter IV for
a visual display of data supporting this conclusion.
Several additional projects outside of Bianchi et al. (2017) have sought to research such a
dysregulation profile and have documented auxiliary elevations outside of aggression, attention,
and internalizing domains (Basten et al., 2013; Biederman et al., 2012; Holtmann et al., 2007,
2008; Masi et al., 2015). Some other heightened domains have included social problems,
impulsivity, and rule breaking.
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The findings of this study support an expanded dysregulation profile that cuts across raters and
developmental levels. Results further implicate academic and attention/executive functioning
weaknesses as part of this significantly affected group.
This replication of the expanded dysregulation profile with LPA provides additional
support for its dimensional characteristics. A dimensional expanded dysregulation profile would
be in line with several research studies that have argued that the dysregulation profile is better
explained as a comorbidity profile (Carlson, 2000) or representing dimension of severe mood
dysregulation (Leibenluft et al., 2003), rather than a diagnostic indicator of juvenile bipolar
disorder. This study continues to support a dimensional and expanded dysregulation profile that
is not represented by any one DSM category but is associated with a high degree of nonspecific
psychopathology.
Research Question 3:
Interrater Stability
Investigating the stability of BIMAS-2 profiles across teacher, parent, and
adolescent/child raters was a primary objective of this study. Profiles differentiated by severity
with stable defining characteristics that differed in size and age were hypothesized. Specifically,
it was anticipated that the most severely impacted group in parent and teacher samples would be
smaller than observed in the self-report sample, and that this profile would tend to be older in the
parent and teacher analyses compared to the child/adolescent sample. Although meaningful
difference in the size and age of diffuse profiles were not identified, the overall hypothesis was
partially supported with half of all profiles being replicated across all raters to at least a moderate
degree, and the other half not. Moreover, the majority of profiles identified in this study did seem
to fall along dimensions differentiated more by problem severity than specific symptom groups.
See Table 21 and Figures 11-21 for a visual display of data supporting this conclusion.
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Across all of the solutions, there were a total of 10 different profiles identified; thriving,
well-adjusted, typical, reduced social, low social, mild EF, moderate EF, mild diffuse, moderate
diffuse, and diffuse. As noted earlier, support for interrater stability across profiles was
quantified by using three different rating categories based on frequency of replications across
analyses. High support included profiles that were present in every analysis (i.e., across raters,
developmental levels, and indicator levels). Moderate support comprised of profiles that were
replicated across every rater group but not necessarily every developmental level or level of
analysis. Low support included profiles that were restricted to two or less rater groups. See Table
21 for prevalence of profiles across analyses, along with stability ratings.
The 10 profiles identified in this study exhibited a varying degree of interrater stability.
Typical and diffuse profiles displayed a high degree of consistency across all LPAs. Thriving,
low social, and mild diffuse profiles displayed a moderate level of interrater stability, while the
remaining five profiles (i.e., well-adjusted, reduced social, mild EF, moderate EF, and moderate
diffuse) displayed low interrater support.
These findings are broadly consistent with the other studies identified that have
investigated interrater stability, particularly those of Bonadio et al. (2016) who found that around
50% of youth and parent dyads “disagreed” on profile membership, and those of Rubin et al.
(2012) who found that self-reports of withdrawal behavior from youth aged 6-18, compared with
parent and teacher reports indicated the same general dimensional structure but with some
profiles showing discrepancies in defining symptoms. Profile sizes were also inconsistent
between raters, similar to the results of this study. The finding that attention/concentration
profiles were stable across raters from Althoff et al. (2010) was not replicated.
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For researchers interested in population level classification of psychological functioning
in childhood, these findings highlight the importance of exploring latent profiles across raters.
While a broad range of dimensions varying by severity were replicated across all analyses, more
specific differences across raters indicate that it is critical to sample from a variety of pediatric
contexts and a range of perspectives. With this in mind, findings of this study underscore the
importance of triangulating child and adolescent levels of psychosocial functioning across
multiple raters and settings at the clinical level. The goal of such a method would prioritize
consistency across raters in establishing evidence-based profiles. Moving forward, caution
should be exercised in interpreting the results of latent variable studies that only utilize one rater
group.
Research Question 4: Diagnoses
and Latent Profiles
The fourth research question sought to explore the relationship between DSM diagnoses
or groups of diagnoses and BIMAS-2 profiles. Given the longstanding issues with DSM
diagnostic categories that are described elsewhere (i.e., comorbidity, heterogeneity, low validity,
etc.), no reliable relationship was hypothesized, which was strongly supported. See Table 20 for
data used to support this conclusion. A secondary hypothesis was offered specifying that profiles
indicating higher levels of difficulty would be associated with a higher overall frequency of
comorbidity or unspecified diagnoses. This hypothesis was partially supported, with item-level
analyses showing no relationship and subscales indicating a strong association in the expected
direction.
An examination of Table 22 reveals a surprising lack of relationships between latent
profiles and specific DSM diagnoses or groups of diagnoses. Anecdotally, it was anticipated that
there would still be some minor but inconsistent demonstration of association going into this

142
analysis. Particularly when considering the large role multi-informant rating scales play in
psychological diagnosis and the establishment of school-based services. Outside of issues with
diagnostic categories, it is possible that variations in rater context can account for this finding.
For example, a special education teacher may rate a student diagnosed with ASD differently than
a teacher in a general education setting for a variety of different reasons (e.g., differing internal
norms, implementation of social interventions targeting social skills with progress monitoring).
An examination of the average number of cases across each profile (see Figures 22-23)
allows for some tentative conclusions regarding the overall association between profiles and
psychopathology. Looking at all profiles with clinical frequencies aggregated across groups and
not split by indicator level, a relationship was not immediately apparent. However, a clear and
positive association between level of pathology and frequency of clinical cases is obvious if the
two levels of analysis were plotted separately. Subscale analyses revealed that mild EF, mild
diffuse, and diffuse profiles were associated with a higher degree of overall psychopathology.
This finding is in line with those of Bianchi et al. (2017). These findings also support what
proponents of a dual-factor model of mental health have argued, that children who are high
functioning in many ways may still be impacted by psychopathology to a degree (Greenspoon &
Saklofske, 2001). This difference between levels of analysis will be further discussed in the next
section.
Research Question 5: Item-Level
Versus Subscale-Level
The purpose of the final research question was to evaluate differences in forming profiles
from the item-level versus the subscale-level. It was hypothesized that subscales would tend to
show fewer profiles because they had less indicators, the logic being that a wider array of
symptoms would likely result in different and novel combinations or subtypes that would be
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otherwise masked at the subscale level. This hypothesis was not supported and no relationship
between the number of profiles present in models and the indicator level was discernable.
However, important differences between the two approaches were identified suggesting a need
for more research and caution when interpreting Likert type data as interval in LPA.
At the outset of this study, it was known that these two indicator different approaches
both came with relative strengths and weaknesses. An item-level analysis was a better match for
this study from a theoretical standpoint because generating profiles from the symptom level
allows for an empirical and ground-up approach to classification. As noted elsewhere, the high
degree to which our current nosologies are influenced by previously existing conceptualizations
of psychopathology is considered a barrier to the development of more effective typologies.
Taking an item-level approach also dramatically increases the number of indicators, which has
been associated with higher entropy values. At this time, it is important to again highlight
research that has suggested that with an ordinal measure of good quality, the results of
parametric analyses can lead to the same conclusions that would have been drawn using a more
appropriate measure (Breakwell et al., 2006; Minium, et al., 1993). However, the item-level
approach has drawbacks as well. For one, the interpretation of profiles across symptoms makes
for a much more time intensive process. But perhaps more importantly, although some authors
have either treated Likert type questionnaire data as interval (Bonadio et al., 2016; Park, et al.,
2019), or stated that the difference between an analysis like LPA versus LCA is purely
conceptual (Oberski, 2016; Pastor et al., 2007), others have suggested that a procedure such as
LCA with a Poisson distribution (as opposed to Gaussian or binomial) would be more
appropriate for ordinal data (Muthén & Muthén, 2017). Indeed, there are several, albeit narrowly
focused, studies using the CBCL that take an item-level approach with LCA. It should be noted
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that treating subscales derived from ordinal data as continuous variables is not without critique.
In the context of this research study, taking a subscale-level approach has the added benefit of
being more readily compared and contrasted with the findings of other similar projects, which
have tended to use subscales.
Within the setting outlined above, item-level and subscale-level approaches to
classification utilized in this study continued to display strengths and weaknesses that were
broadly congruent with what has been stated. It was certainly more time intensive to explore
variations in item-level profiles during the enumeration and validation phases. However, this
difficulty did pay off somewhat by increasing insight into what particular symptoms may be
driving profiles. If item and subscale solutions were similar, key symptoms in profiles could also
be tentatively generalized to subscale profiles. This is consistent with the initial argument to use
items in the first place. The solutions derived from this approach also exhibited higher levels of
entropy, indicating improved classification certainty over subscale analyses. Entropy for
subscale-level analyses tended to be between .80 and .90, although the Parent Adolescent
Subscale [PAS] model did dip into .70s. In terms of the categorical versus continuous question,
item-level analyses tended to show decreased compatibility across different model
parameterizations. This resulted in convergence issues that did not allow certain models
(primarily M2, varying variance and zero covariance; and M6, varying variance and varying
covariance) to be estimated in nearly every item-level analysis. While there were also
convergence problems with subscales, there were substantially more with the item-level
approach.
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Solutions across the item and subscale levels of analysis were surprisingly consistent at a
broad and descriptive level. However, an examination of respective levels and profile shape did
indicate some important differences. In total, there were 24 profiles generated at the item level,
and 23 at the subscale level. The total range of profiles remained the same at four to six after
splitting the analyses. Broken up by rater and level of analysis, there were no differences in
profile characteristics and descriptions between Teacher Adolescent Item [TAI] and Teacher
Adolescent Subscale [TAS] analyses. Teacher Child Item [TCI] and Teacher Child Subscale
[TCS] results were discrepant, with the addition of moderate EF and moderate diffuse profiles at
the item-level. Parent Adolescent Item [PAI] and Parent Adolescent Subscale [PAS] solutions
differed with the addition of the reduced social profile at the subscale level. Parent Child Item
[PCI] and Parent Child Subscale [PCS] results were also different, with the substitution of the
Parent Child Item Mild Diffuse [PCI] Mild Diffuse profile for the Parent Child Subscale Low
Social [PCS] Low Social profile. Groups were very similarly characterized in self-report
samples.
Subscale and item-level analyses tended to implicate the same associations with
demographic variables, outside of the puzzling differences observed with the Self Adolescent
Subscale [SAS] analysis. As a reminder, these discrepancies consisted of participants of White
ethnicity being less likely to belong to the Self Adolescent Subscale Thriving [SAS Thriving]
profile, participants of Hispanic ethnicity being more likely to belong to this thriving group,
members of this diffuse profile being more likely to have caregivers with a university education
or higher, and members of this thriving profile being more likely to have caregivers with a high
school diploma or less education. Participants of Hispanic ethnicity were also more likely to
belong to the Self Adolescent Item Thriving [SAI Thriving] profile, while adolescents who were
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White were less likely. Although other relationships within the Self Adolescent Item [SAI]
analysis were not significant, similarly anomalous proportions continued to be present. As noted
elsewhere, following this finding, data and variables were double checked for any computational
errors at this time and none were located. With an analytic or entry related error being ruled out,
it is possible that some of these findings relate to cultural factors associated with mental illness
stigma and Hispanic culture. The specific hypothesis being that a portion of youth with Hispanic
ethnicity may underreport on emotional and behavioral questionnaires like the one used in this
study. Of course, this is purely speculative for the time being. It could also be that self-reporting
of demographic variables at the adolescent level was less accurate.
The finding that subscale analyses classified participants from BIMAS-2 clinical samples
in a more expected manner than item-level LPAs is another important difference between
indicator levels to discuss, as represented in Figures 22-23. While relationships between specific
DSM diagnoses and profiles were not anticipated, it was presumed that more extreme scores on
BIMAS-2 indicators would correlate positively with a higher overall degree of psychopathology.
The fact that this was observed for subscale-level profiles and not true for item-level profiles
raises a number of possibilities.
It is conceivable that this is another example of the low validity of DSM diagnoses in
predicting the actual emotional and behavioral functioning of children and adolescents. The
reason that subscale-level profiles correspond with the presence of diagnoses could relate to the
reality that subscales are more influenced by a priori views of psychopathology, which may
overlap better with DSM categories.
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Another interpretation of this finding may be that it is the item-level profiles that lack
external validity. Although factor analysis is problematic in classification for reasons stated
earlier, it does do a good job of showing that constructs are best measured with a combination of
items, which also help to increase the reliability of scores. This basic idea continues to be
foundational in the measurement of psychological constructs. Perhaps the combination of
symptoms that are generated via this item-level LPA are too dissimilar to constructs that the
BIMAS-2 subscales have been shown to measure, which in turn relates to profiles that lack
generalizability to real world outcomes.
At third hypothesis behind the different results between indicator levels relates to the
treatment of Likert-type data as interval rather than ordinal. The breakdown may correspond to
the recursive generation of model parameters during maximum likelihood estimation based on an
assumed normal distribution rather than a distribution that would be more appropriate for Likert
data. However, it is noteworthy that the assignment of cases to most probable profiles did result
in groups that were fairly comparable across indicator levels.
Given recently published work in which researchers have applied LPA to ordinal data,
the results and discussion of different indicator levels in LPA is relevant to the fields of
classification and mixture modeling. The only software packages that are able to perform LCA
for ordinal data are highly priced, which can be a significant barrier to researchers. Whereas
recently developed LPA software by Rosenberg et al. (2018) is open sourced. If similar basic
conclusions can be drawn with LPA by interpreting ordinal data as interval, more researchers
may have justification and means to analyze data under these conditions.
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For now, although a purely item-level approach would have led to similar conclusions
across the majority of research questions, different conclusions would certainly been drawn
regarding the relationship between diagnostic comparisons and profiles. Thus, the application of
research indicating that interpreting Likert type as continuous may lead to the same conclusions
does not seem to be appropriate in the context of LPA. Furthermore, the item-level indicators
were not able to converge across two of the parameterizations, which is a limitation for
researchers studying joint distributions that do not necessarily adhere to assumptions of
independence and homogeneity of variance. Many of the hypotheses generated above could be
tested by either examining BIMAS-2 data with LCA and comparing item-level results or
conducting a simulation study to examine the overall performance of LPA models that interpret
ordinal data as continuous.
Given that this study supports the use of LPA with subscales over items, the argument
that item-level LPA is theoretically advantageous due it its non a prior approach loses support.
However, this reasoning still applies for item-level LCA. Additionally, given considerations with
the measurement of psychological domains outlined earlier, it may be useful to consider a
sampling from a wide range of agnostically chosen constructs as opposed to symptoms. Using
this approach, LPA can still preform in a non a priori manner, and possibly to a more reliable
extent than item-level LCA.
Implications
Risk and Protective Factors
The follow-up analyses conducted with latent profiles and demographic variables
provides insight into factors that may increase or decrease a child’s likelihood of belonging to
adaptive of pathological groups. These may be conceptualized as risk and protective factors.
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The results of this study generally found that male sex, ethnic minority status (i.e., Black, Native
American/Aboriginal, or multi-racial), low caregiver education, lack of teacher/student
relationship, living with a caregiver other than biological mother or father, and being rated by
someone other than biological parents were associated with membership in maladaptive profiles
and represent risk factors. Conversely, female sex, White ethnicity, and moderate to high
caregiver education (i.e., associate/technical degree or higher) were related to membership in
adaptive profiles and may be considered protective factors. These risk and protective factors are
consistent with the findings of other LPAs (Racz et al., 2016) along with the more general
literature on risk and protective factors in child and adolescent populations (Dowdy et al., 2011).
It is important to note that many of these protective factors mirror dimensions of privilege
associated with various groups of people in American society. This is an important consideration
in research seeking to uncover causal relationships in child and adolescent mental health and
wellness.
Adaptive Profiles, Dimensionality,
and Nosology
The findings of this project, in combination with the results of a small number of other
studies, provide evidence for the existence of one or more latent groups of children and
adolescents with above average functioning. These results are encouraging and indicate that
there is meaningful heterogeneity amongst higher functioning youth. The make-up of these
profiles in this study was fairly consistent, with low estimated means across behavioral concern
items/subscales and high estimated means across adaptive items/subscales. The presence of welladjusted profiles within the self-report sample suggests that there may be a dimensional quality
to these groups.
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Adaptive profiles from this study support the findings of DiStefano and Kamphaus (2006),
Bradshaw et al. (2015), and Racz et al. (2016), and the general incorporation of dual-factor
models of mental health in an overall nosology of childhood mental health.
This project provides an initial investigation at how adaptive profiles may change or
remain stable across parent and self-raters and developmental levels. These findings support a
more narrowly focused series of person-centered latent variable studies into subtypes of adaptive
functioning. Research into the stability of these groups over time, factors associated with
membership (e.g., sex, ethnicity, caregiver education, socio-economic status), and variables
associated with how members transition in and out of this profile across development will be
important in establishing and designing the most optimal conditions for child development.
By replicating adaptive profiles, the current study adds support to several dimensions of
child and adolescent functioning that encompass a broad range of maladaptive to adaptive
functioning, along with more specific yet less replicable dimensions of social and executive
dysfunction. As demonstrated through various descriptions of the findings of other LPA studies
investigating population level heterogeneity in childhood mental health symptoms, it appears to
be fairly common to report profiles that are more differentiated by symptom severity than
symptom-specific subtypes.
Treatment and Assessment
The growing paradigm shift in psychopathological classification exhibited by advocates
of transdiagnostic or quantitative nosology is mirrored by practitioners in what has been referred
to by some as the psychotherapy integration movement (Boswell, 2013; Boswell & Goldfried,
2010; Goldfried, 1980; Norcross, 2005). Support for this change is similarly driven by concerns
over the degree to which diagnostic heterogeneity and comorbidity affect clinical outcomes.
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Indeed, psychological and psychopharmacological treatments that based on DSM criteria are
only associated with recovery in about 40-70% of cases (Moses & Barlow, 2006). This
proportion decreases dramatically with individuals who have been diagnosed with comorbid
disorders. Proponents of the psychotherapy integration movement have argued that the continued
splitting of diagnoses and related multiplication of treatment manuals has negatively impacted
practitioners with little benefit to patients. Some outcomes have included increased clinician and
trainee strain and inefficient dissemination of new treatments and research (McHugh & Barlow,
2010). In an effort to address these concerns, transdiagnostic treatment protocols have recently
been developed that target psychopathological mechanisms thought to transcend categorical
diagnoses. The Unified Protocol for Treatment of Emotional Disorders (Ehrenreich-May et al.,
2018a) is an example of such an approach. Although a connection may not have been explicitly
made, treatments that use principles of behavior and learning to target and modify specific
behaviors also appear to be transdiagnostic in nature (i.e., Applied Behavior Analysis; Baer et
al., 1968).
The findings of this study and others like it would likely support a hypothesis about
psychological treatment that argues outcomes can be explained by a variety of shared
mechanisms. If a majority of common child and adolescent psychopathology can be explained by
variations in symptom severity, it is possible that individuals would respond to many of the same
underlying components. Indeed, research in the effectiveness of psychotherapy by Lambert
(1992) found that common factors (i.e., empathy, therapeutic relationship, etc.) could account for
an estimated 30% of the change in clients’ functioning. This is part of a larger organized group
of ideas referred to as common factor theory (Norcross & Wampold, 2011).
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As transdiagnostic nosology and treatment are part of a growing movement, there is a
need for the development of evidenced based transdiagnostic assessment measures (Dalgleish, et
al., 2020). The results of this study would support the inclusion of adaptive scales, in addition to
a composite variable derived using scores from subscales sensitive to common areas of mental
illness (i.e., mood related, anxiety, stressor related, behavioral, etc.). This aggregated score may
be useful in the same way as the intelligence quotient is in cognitive testing, as an indication of
overall symptom severity and possibly a reliable predictor of life outcomes. This proposal is
likely compatible with research on the latent general structure of psychopathology and p-factor
(Caspi et al., 2014; Laceulle, et al., 2015).
School Based Services
Transdiagnostic findings, particular those involving child and adolescent samples, also
have implications for addressing student needs in schools. Educational systems in the United
States present an interesting case given that they do not prescribe services based on diagnostic
criteria. Instead, students are found to qualify in one or two areas out of about 13, based on the
degree to which a variety of pathology affects their education. This is specified in the Individuals
with Disabilities Education Act (IDEA; 2004). Many of these areas could encompass a broad
range of DSM diagnoses, and therefore represent a transdiagnostic nosology of sorts. Across
many states, this classification system is also armed with a transdiagnostic treatment consisting
of behavioral management strategies that are invoked to decrease problematic behavior. This
treatment often comes in the form of a behavior plan and is proceeded by a functional behavior
assessment (FBA), during which a targeted behavior is isolated and studied. In some states,
FBAs and behavior plans accompany any severe behavior in the school system, regardless of
whether or not it is associated with a particular IDEA disability category.
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While IDEA qualification areas and related services are by no means without criticism,
this relatively simple system provides institutions and the individuals functioning within them a
shared language understand and address student difficulties. Moreover, the broad application of
behavior management strategies allows for clear and efficient training and treatment. However,
IDEA criteria, similar to DSM, continues to be categorical and services are established on the
bases of binary criteria. It continues to appear more likely that a majority of psychopathology
experienced by students, as well as the degree to which their education is impacted, would be
better measured by degrees on a continuum. The adoption of dimensional criteria would help to
reduce arbitrary thresholds used in these important decisions.
The results of this and related studies provide support for the adoption of dimensional
IDEA criteria for identifying children in need of school-based supports suffering from a variety
of common psychopathology. Pathological profiles, including subclinical or “mild” groups
identified within this study indicated a level of negative academic impact. With dimensional
criteria, decisions about support could be made on the basis of normative criteria, which would
likely increase reliability and decrease systemic issues.
It should be acknowledged that in some ways, recent movements in school psychology
involving response to intervention (RtI; Fuchs et al., 2003) and multi-tiered systems of support
(MTSS; Doll & Cummings, 2008) address concerns with categorical IDEA criteria by allowing
students to receive support or intervention for subclinical issues. While this is certainly a step in
the right direction, continued work on qualification criteria, along with the more consistent
generalization of MTSS outside of specific learning disorder is still necessary.
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Furthermore, the length of MTSS psychosocial interventions would likely benefit from evidence
regarding the stability of latent profiles across time, and the degree to which this is affected by
various school-based interventions.
Developmental, Sex, and Ethnicity
Related Considerations
This study split participants into groups consisting of children ages 5 to 11, and
adolescents ages 12 to 18. This method led to profiles that were largely immune to age effects
within age-based samples and demonstrated meaningful developmental differences in estimated
means between samples. These differences included slight elevations on items relating to the
conduct scale and the conduct scale within parent child-level typical profiles, and lower means
on social items within the Teacher Child Typical [TCI Typical] profile. Within mild diffuse
profiles from parent and teacher raters, child groups tended to have more extreme scores related
to attention/executive functioning items and social functioning.
BIMAS-2 latent profiles were associated with statistically significant differences in a
binary sex variable across every analysis. Moreover, the direction of every relationship was such
that participants coded as female were more likely to be in profiles associated with more ideal
functioning, whereas the reverse was true for participants coded as male. These findings raise the
question of whether or not sex should be controlled for in the generation of profiles. Indeed,
future studies may consider this as an option, in addition to including broader and more
representative variables capturing participants assigned sex at birth and gender preference on
more of a dimensional scale varying from male to female. However, results with a binary sex
variable such as these are still meaningful, particularly in identifying potentially developmentally
inappropriate expectations or disproportionate treatment of participants who identify as male.
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Similar to sex, latent profiles were associated with statistically significant differences
across categories of ethnicity. Results reliably associated participants identified as White with
more adaptive profiles, and participants identified as Black or Other (i.e., Native
American/Aboriginal and multiracial) with more pathological groups. As noted earlier, these
results are unsurprising and consistent with previous literature. Nonetheless, this finding again
exemplifies a too often repeated call to researchers, practitioners, and the general population to
address systemic issues related to the disproportionate dispersion of poor mental health patterns
among children and adolescents who belong to or identify with marginalized ethnic populations.
Limitations and Future Research
It is important to acknowledge that the BIMAS-2 was designed to be sensitive to changes
in functioning and that the results of this study be interpreted in this context. While the various
symptoms included in this measure are still thought to validly represent hallmark features of each
domain, a future study would do well to investigate the degree of fluctuation between BIMAS-2
profiles that a typical participant experiences over time. Such a study would also address a
second limitation of this project relating to its cross-sectional design. This could be accomplished
using latent growth modeling or latent transition analysis (Lanza, et al., 2010; Lazarsfeld, 1950).
The findings of such a study would help to support other research indicating solid stability across
time of latent externalizing and internalizing factors in adolescents (Snyder, et al., 2017).
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A logical next step in this line of research would be to further study members of
transdiagnostic profiles. It would be interesting to design an intervention study that targets the
members of only one profile, perhaps utilizing the adolescent UP protocol (UP-A; EhrenreichMay et al., 2018a), or the child UP protocol (UP-C; Ehrenreich-May et al., 2018b). Such a study
comparing the effectiveness of interventions across different profiles is exemplified by Bradshaw
et al. (2015).
Connecting profiles with transdiagnostic mechanisms that engender changes in
functioning will be a critical phase in establishing a solid support base for a transdiagnostic
nosology. As highlighted by Dalgleish et al. (2020), a translational gap exists between
transdiagnostic process research and clinical applications. Overcoming this gap between
classification efforts and treatment will be a difficult but necessary task.
It will also likely be useful to study members of adaptive profiles to further understand
ideal conditions for child and adolescent development, resiliency, needs present in this group,
and if members of adaptive profiles can be further subdivided into meaningful groups. Initial
research questions could center on identifying additional characteristics of group members (i.e.,
cognitive profiles, family functioning, etc.) and again, understanding if membership in this
profile is relatively stable over time, or if youth tend to move in and out of this profile.
Concerning LPA with item-level indicators, further studies comparing BIMAS-2 itemlevel results with latent profiles generated using LCA or conducting a simulation study to
examine the overall performance of LPA models that interpret ordinal data as continuous is
warranted. Such research should evaluate the potential for item-level LPA to generate
comparable models under basic conditions, utilizing basic parameterization options.
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Conclusion
The last century brought a proliferation of diagnostic categories, which have since been
associated with a host of issues (Regier et al., 2013; Smolik, 1999). In conjunction with a series
of related studies, the findings of this project support a broad refocusing of classification efforts
out to more general profiles of functioning, likely including many aspects of the dimensional
groups identified in this project. Such a transdiagnostic and person-centered nosology would
help to reduce rampant diagnostic problems such as comorbidity, heterogeneity, and lack of
dimensional criteria. Moreover, such a model would be aligned with the dual-factor model of
mental health, the psychotherapy integration movement, and other evidenced based
transdiagnostic approaches to treatment of common mental health problems that are quickly
gaining popularity.
The findings of this study address a need for research into underlying dimensions of
childhood psychopathology and how they compare across raters, developmental levels, and
person-centered methodologies. Across the three rater groups and methods, 10 latent profiles
were identified, six of which represented dimensions falling across a broad spectrum of
psychosocial functioning from “thriving” to “diffuse psychopathology”. The remaining four
profiles represented participants with varying degrees of executive and social dysfunction. EF
profiles were unique to teacher samples. Social profiles were more broadly distributed and may
account for unique symptom groupings of children. Support for an expanded dysregulation
profile was found. Findings suggest caution and context when interpreting the results of latent
variable studies from only one rater, as important variations in profiles between teacher, parent,
and child/adolescent raters were identified. Further care should be taken when interpreting LPA
results from item-level indicators, as these were associated with problematic stability and
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concerning external validity, although profile characteristics were generally compatible with
subscale-level results. Developmental, binary sex, and ethnic minority status considerations are
also warranted in the interpretation of profiles. Overall, the results of this study support a broad
and transdiagnostic view of child and adolescent behavioral and emotional functioning that
shows a promising ability to address problems endemic to our current nosological paradigm,
improve problematic practices in effectiveness research, and increase the precision and size of
treatment effects.

159

REFERENCES
Achenbach, T. M. (1966). The classification of children’s psychiatric symptoms: A factoranalytic study. Psychological Monographs: General and Applied, 80(7), 1-37. doi:
10.1037/h0093906
Achenbach, T. M. (1986). The direct observation form of the child behavior checklist.
University of Vermont, Department of Psychiatry.
Achenbach, T. M. (1991). Manual for the teacher’s report form and 1991 profile. University of
Vermont, Department of Psychiatry.
Achenbach, T. M., Conners, C. K., Quay, H. C., Verhulst, F. C., & Howell, C. T. (1989).
Replication of empirically derived syndromes as a basis for taxonomy of child/adolescent
psychopathology. Journal of Abnormal Child Psychology, 17(3), 299–323.
https://doi.org/10.1007/bf00917401
Achenbach, T. M., & Edelbrock, C. S. (1978). The classification of child psychopathology: A
review and analysis of empirical efforts. Psychological Bulletin, 85(6), 1275–1301. doi:
https://doi.org/10.1037/0033-2909.85.6.1275
Achenbach, T. M., Ivanova, M. Y., & Rescorla, L. A. (2017). Empirically based assessment and
taxonomy of psychopathology for ages 1½-90+ years: Developmental, multi-informant,
and multicultural findings. Comprehensive Psychiatry, 79, 4-18. doi:
10.1016/j.comppsych.2017.03.006
Achenbach, T. M., & Rescorla, L. A. (2001). Manual for the ASEBA school-age forms and
profiles. University of Vermont, Research Center for Children, Youth, and Families.

160
Agresti, A. (2002). Categorical data analysis. Wiley. doi: https://doi.org/10.1002/0471249688
Ahonen, M. (2014). Mental disorders in ancient philosophy. Springer. doi: 10.1007/978-3-31903431-7
Akaike, H. (1987). Factor analysis and AIC. Psychometrika, 52(3), 317-332.
doi:10.1007/bf02294359
Althoff, R. R., Copeland, W. E., Stanger, C., Derks, E. M., Todd, R. D., Neuman, R. J., Van
Beijsterveldt, T. C. E. M., Boomsma, D. I., & Hudziak, J. J. (2006). The latent class
structure of ADHD is stable across informants. Twin Research and Human Genetics,
9(4), 507-522. doi: https://doi.org/10.1375/twin.9.4.507
Althoff, R. R., Rettew, D. C., Ayer, L. A., & Hudziak, J. J. (2010). Cross-informant agreement of
the Dysregulation Profile of the Child Behavior Checklist. Psychiatry Research, 178(3),
550-555. doi: https://doi.org/10.1016/j.psychres.2010.05.002
American Psychiatric Association. (2013). Diagnostic and statistical manual of mental
disorders (5th ed.). https://doi.org/10.1176/appi.books.9780890425596
Ayer, L., Althoff, R., Ivanova, M., Rettew, D., Waxler, E., Sulman, J., & Hudziak, J. (2009).
Child Behavior Checklist Juvenile Bipolar Disorder (CBCL-JBD) and CBCL
Posttraumatic Stress Problems (CBCL-PTSP) scales are measures of a single
deregulatory syndrome. Journal of Child Psychology and Psychiatry 50(10): doi:
10.1111/j.14697610.2009.02089.x
Baer, D. M., Wolf, M. M., & Risley, T. R. (1968). Some current dimensions of applied behavior
analysis. Journal of Applied Behavior Analysis, 1(1), 91-97.
Banfield, J. D., & Raftery, A. E. (1993). Model-based Gaussian and non-Gaussian clustering.
Biometrics, 49.

161
Basten, M., Althoff, R., Tiemeier, H., Jaddoe, V., Hofman, A., Hudziak, J., Verhulst, M. D., &
Van der Ende, J. (2013). The dysregulation profile in young children: empirically defined
classes in the Generation R study. Journal of the American Academy of Child and
Adolescent Psychiatry, 52(8), 841–850.
Beasley, T. M., & Schumacker, R. E. (1995). Multiple regression approach to analyzing
contingency tables: Post hoc and planned comparison procedures. Journal of
Experimental Education, 64(1), 79–93. doi:10.1080/00220973.1995.9943797
Bianchi, V., Brambilla, P., Garzitto, M., Colombo, P., Fornassari, L., Bellina, M., Bonivento, C.,
Tesei, A., Piccin, S., Conte, S., Perna, G., Frigerio, A., Castiglioni, I., Fabbro, F.,
Molteni, M., & Nobile, M. (2017). Latent classes of emotional and behavioral problems
in epidemiological and referred samples and their relations to DSM-IV diagnoses.
Journal of Early Child Adolescent Psychiatry, 26, 594-557. doi:10.1007/s00787-0160918-2
Biederman, J., Newcorn, J., & Sprich, S. (1991). Comorbidity of attention deficit hyperactivity
disorder with conduct, depressive, anxiety, and other disorders. American Journal of
Psychiatry, 148, 564-577.
Biederman, J., Petty, C., Day, H., Goldin, R., Spencer, T., Faraone, S., Surman, C., &
Wozniak, J. (2012). Severity of the aggression/ anxiety-depression/attention child
behavior checklist profile discriminates between different levels of deficits in emotional
regulation in youth with attention-deficit hyperactivity disorder. Journal of
Developmental Behavior Pediatrics, 33(3),236–243.
Biederman, J., Wozniak, J., Kiely, K., Ablon, S., Faraone, S., Mick, E., & Kraus, I. (1995).
CBCL clinical scales discriminate prepubertal children with structured interview- derived

162
diagnosis of mania from those with ADHD. Journal of the American Academy of Child
and Adolescent Psychiatry, 34(4), 464-471.
Bonadio, F. T., Dynes, M., Lackey, J., Tompsett, C., & Amrhein, K. (2016). Grouping youth
with similar symptoms: A person-centered approach to transdiagnostic subgroups.
Journal of Clinical Psychology, 72(7), 676-688.
Boswell, J. F. (2013). Intervention strategies and clinical process in transdiagnostic cognitive
behavioral therapy. Psychotherapy, 50(3), 381.
Boswell, J. F., & Goldfried, M. R. (2010). Psychotherapy integration. In Weiner, I. B., &
Craighead, W. B. (Eds.), The Corsini encyclopedia of psychology (4th ed.). John Wiley
& Sons.
Boylan, K., Vaillancourt, T., Boyle, M., & Szatmarie, P. (2007). Comorbidity of internalizing
disorders in children with oppositional defiant disorder. European Child and Adolescent
Psychiatry, 16(8), 484-494, doi:10.1007/s00787-007-0624-1
Bradshaw, C. P., Waasdorp, T. E., & Leaf, P. J. (2015). Examining variation in the impact of
school-wide positive behavioral interventions and supports: findings from a randomized
controlled effectiveness trial. Journal of Educational Psychology, 107(2), 546-557.
http://dx.doe.org,/10.1037/a0037630
Breakwell, G., Hammond, S., Fife-Shaw, C., & Smith, A. (2006). Research methods in
psychology (3rd ed.). Sage.
Brodbeck, J., Stulz, N., Itten, S., Regli, D., Znoj, H., & Caspar, F. (2014). The structure of
psychopathological symptoms and the associations with DSM-diagnoses in treatment
seeking individuals. Comprehensive Psychiatry, 55(3), 714–726.
doi:10.1016/j.comppsych.2013.11.001

163
Brown, T. A. (2006). Confirmatory factor analysis for applied research. Guilford.
Carlson, G. A. (2000). Phenomenology and outcome of subjects with early-and adult-onset
psychotic mania. American Journal of Psychiatry, 157(2), 213-219. doi:
10.1176/157.2.213
Caron, C., & Rutter, M. (1991). Comorbidity in child psychopathology: Concepts, issues and
research strategies. Journal of Child Psychology and Psychiatry, 32(7), 1063-1080. doi:
10.1111/j.1469-7610.1991.tb00350.x
Caspi, A., Houts, R. M., Belsky, D. W., Goldman-Mellor, S. J., Harrington, H. I., Israel, S.,
Meier, M., Ramrakha, S., Shalev, I., Poulton, R., & Moffitt, T. (2014). The p factor: One
general psychopathological factor in the structure of psychiatric disorders? Clinical
Psychological Science, 2(2), 119-137. doi: 10.1177/2167702613497473
Celeux, G., & Soromenho, G. (1996). An entropy criterion for assessing the number of clusters
in a mixture model. Journal of Classification, 13, 195–212.
Cheeseman, P., & Stutz, J. (1995). Bayesian classification (Autoclass): Theory and results. In
Fayyad, U. M., Piatetsky G., Shapiro, Smyth, P., and Uthurusamy, R., (Eds) Advances in
knowledge discovery and data mining. The AAAI Press.
Clarkin, J. F., & Kendall, P. C. (1992). Comorbidity and treatment planning: Summary and
future directions. Journal of Consulting and Clinical Psychology, 60, 904- 908.
Connell, A., Bullock, B., Dishion, T., Shaw, D., Wilson, M., & Gardner, F. (2008). Family
intervention effects on co-occurring early childhood behavioral and emotional problems:
a latent transition analysis approach. Journal of Abnormal Child Psychology, 36(8),
1211–1225.

164
Conners, C. K. (1999). Conners Rating Scales-Revised. In M. E. Maruish (Ed.), The use of
psychological testing for treatment planning and outcomes assessment (pp. 467-495).
Lawrence Erlbaum Associates Publishers.
Conners, C. K. (2008). Conners Comprehensive Behavior Rating Scales Manual. Multi-Health
Systems.
Dalgleish, T., Black, M., Johnston, D., & Bevan, A. (2020). Transdiagnostic approaches to
mental health problems: Current status and future directions. J Consult Clin Psychol,
88(3), 179-195. doi:10.1037/ccp0000482
De Caluwe, E., Decuyper, M., & De Clerq, B. (2012). The child behavior checklist dysregulation
profile predicts adolescent DSM-5 pathological personality traits 4 years later.
European Child Adolescent Psychiatry, 22(7), 401-411.
DiStefano, C., & Kamphaus, R. W. (2006). Investigating subtypes of child development: a
comparison of cluster analysis and latent class cluster analysis in typology creation.
Educational and Psychological Measurement, 66, 778–794.
DiStefano, C. A., Kamphaus, R. W., & Mindrila, D. L. (2010). A typology of teacher rated child
behavior: Revisiting subgroups over 10 years later. School Psychology Quarterly, 25,
152–163.
Doll, B., & Cummings, J. (2008). Why population-based services are essential for school mental
health, and how to make them happen in your school. In B. Doll & J. A. Cummings
(Eds.), Transforming school mental health services: Population-based approaches to
promoting the competency and wellness of children (pp. 1–22). Corwin.

165
Dowdy, E., Doane, K., Eklund, K., & Dever, B. V. (2011). A comparison of teacher nomination
and screening to identify behavioral and emotional risk within a sample of underrepresented students. Journal of Emotional and Behavioral Disorders, 21, 127–137.
Ehrenreich-May, J., Kennedy, S. M., Sherman, J. A., Bennett, S. M., & Barlow, D. H. (2018a).
Unified protocol for transdiagnostic treatment of emotional disorders in adolescents:
Workbook. Oxford University Press.
Ehrenreich-May, J., Kennedy, S. M., Sherman, J. A., Bilek, E. L., & Barlow, D. H. (2018b).
Unified protocol for transdiagnostic treatment of emotional disorders in children:
Workbook. Oxford University Press.
Essau, C. A., Conradt, J., & Peterman, F. (2000). Frequency, comorbidity, and psychosocial
impairment of anxiety disorders in adolescents. Journal of Anxiety Disorders, 14.
Evens, D. L., Foa, E. B., Gur, R. E., Hendin, R., O’Brien, C. P., Seligman, M. E. P., & Walsh, B.
T. (Eds.). (2005). Treating and preventing adolescent mental health disorders: What we
know and what we don’t know: A research agenda for improving the mental health of our
own youth. Oxford University Press.
Eysenck, H. J. (1944). Types of personality: A factorial study of seven hundred neurotics. British
Journal of Psychiatry, 90, 851–861.
Fricke-Oerkermann, L., Plück, J., Schredl, M., Heinz, K., Mitschke, A., Wiater, A., & Lehmkuhl,
G. (2007). Prevalence and course of sleep problems in childhood. Sleep, 30(10), 1371–
1377. doi: 10.1093/sleep/30.10.1371
Fuchs, D., Mock, D., Morgan, P. L., & Young, C. L. (2003). Responsiveness-to-intervention:
Definitions, evidence, and implications for the learning disabilities construct. Learning
Disabilities Research and Practice, 18(3), 157–171. doi: 10.1111/1540-5826.00072

166
Garber, J., & Weersing, V. R. (2010). Comorbidity of anxiety and depression in youth:
Implications for treatment and prevention. Clin Psychol, 17(4), 293-306, doi:
10.1111/j.1468-2850.2010.01221.x
Goldfried, M. R. (1980). Toward a delineation of therapeutic change principles. American
Psychologist, 35,991–999.
Greenspoon, P. J., & Saklofske, D. H. (2001). Toward an integration of subjective well-being
and psychopathology. Social Indicators Research, 54, 81-108.
Hahsler, M., & Hornik, K. (2007). New probabilistic interest measures for association rules.
Intelligent Data Analysis, 11(5), 437-455.
Hand, D. J., McLachlan, G. J., & Basford, K. E. (1989). Mixture Models: Inference and
Applications to Clustering. Applied Statistics, 38(2), 384. doi:10.2307/2348072
Holtmann, M., Bolte, S., Goth, K., Döpfner, M., Plück, J., Huss, M., Fegert, J., Lehmkuhl, G.,
Schmeck, K., & Poustka, F. (2007). Prevalence of the Child Behavior Checklist-pediatric
bipolar disorder phenotype in a German general population sample. International Journal
of Bipolar Disorders, 9(8), 895–900.
Holtmann, M., Goth, K., Wockel, L., Poustka, F., & Bolte, S. (2008). CBCL-pediatric bipolar
disorder phenotype: severe ADHD or bipolar disorder? Journal of Neural Transmission,
115(2),155–161.
Hope, A. C. A. (1968). A simplified Monte Carlo significance test procedure. Journal of the
Royal Statistical Society Series B, 30, 582–598.
Individuals with Disabilities Education Act, 20 U.S.C. § 1400 (2004).
Johnson, R. A., & Wichern, D. W. (2002). Applied multivariate statistical analysis (5th ed.).
Prentice-Hall.

167
Kendall, M. G., & Anderson, T. W. (1959). Introduction to multivariate statistical analysis.
Econometrica, 27(4), 729. doi: 10.2307/1909376
Kendler, K. S. (2009). An historical framework for psychiatric nosology. Psychological
Medicine, 39, 1935-1941, doi:10.1017/S0033291709005753
Kessler, R., Chiu, W. T., Demler, O., & Walters, E. E. (2005). Prevalence, severity, and
comorbidity of twelve-month DSM-IV disorders in the National Comorbidity Survey
Replication (NCS-R), Arch Gen Psychiatry, 62(6), 617-627, doi:
10.1001/archpsyc.62.6.617
Knight, F. B., & Wickman, E. K. (1929). Children's Behavior and Teachers' Attitudes. The
American Journal of Psychology, 41(4), 677. https://doi.org/10.2307/1414753
Koth, C. W., Bradshaw, C. P., & Leaf, P. J. (2009). Teacher observation of classroom
adaptation–checklist: Development and factor structure. Measurement and Evaluation in
Counseling and Development, 42, 15– 30. doi:10.1177/0748175609333560
Laceulle, O. M., Vollebergh, W. A. M., & Ormel, J. (2015). The structure of psychopathology in
adolescence: Replication of a general psychopathology factor in the TRAILS Study.
Clinical Psychological Science, 3(6), 850-860, doi:10.1177/2167702614560750
Lambert, M. J. (1992). Psychotherapy outcome research: Implications for integrative and
eclectical therapists. In J. C. Norcross & M. R. Goldfried (Eds.), Handbook of
psychotherapy integration (pp. 94–129). Basic Books.
Lanza, S. T., Patrick, M. E., & Maggs, J. L. (2010). Latent transition analysis: benefits of a latent
variable approach to modeling transitions in substance use. Journal of Drug Issues, 40(1),
93-120. doi: 10.1177/002204261004000106

168
Lanza, S. T., & Rhoades, B. L. (2013). Latent class analysis: An alternative perspective on
subgroup analysis in prevention and treatment. Prevention Science, 14(2), 157–168.
doi:10.1007/s11121-011-0201-1
Larson, K., Russ, S. A., Kahn, R. S., & Halfon, N. (2011). Patterns of comorbidity, functioning,
and service use for US children with ADHD, 2007. Pediatrics, 127(3), 462-470. doi:
10.1542/2010-0165
Lazarsfeld, P. F. (1950). The logical and mathematical foundation of latent structure analysis.
Measurement and Prediction. Princeton University.
Leibenluft, E., Charney, D. S., Towbin, K. E., Bhangoo, R. K., & Pine, D. S. (2003). Deﬁning
clinical phenotypes of juvenile mania. American Journal of Psychiatry, 160(3), 430–437.
doi: 10.1176/160.3.430
Lerew, C. D. (2004). The use of a cognitive strategy as an academic and behavioral intervention
for children with attention-deficit/hyperactivity disorder. (ProQuest Information &
Learning). Dissertation Abstracts International: Section B: The Sciences and
Engineering, 64 (Electronic; Print)
Little, R. J. (1988). A test of missing completely at random for multivariate data with missing
values. The American Statistical Association, 83(404), 1198-1202.
Lo, Y., Mendell, N., & Rubin, D. (2001). Testing the number of components in a normal
mixture. Biometrika, 88, 767–778.
Lubke, G., & Muthén, B. O. (2007). Performance of factor mixture models as a function of
model size, covariate effects, and class-specific parameters. Structural Equation
Modeling, 14, 26-47.

169
Lubke, G., & Neale, M. C. (2006). Distinguishing between latent classes and continuous factors:
Resolution by maximum-likelihood? Multivariate Behavioral Research, 41, 499-532.
Masi, G., Muratori, P., Manfredi, A., Pisano, S., & Milone, A. (2015). Child behaviour checklist
emotional dysregulation profiles in youth with disruptive behaviour disorders: Clinical
correlates and treatment implications. Psychiatry Research, 225(1–2), 191–196. doi:
10.1016/j.psychres.2014.11.019
Masyn, K. E. (2013). Latent class analysis and finite mixture modeling. In T. D. Little (Ed.), The
Oxford handbook of quantitative methods: Statistical analysis (pp. 551–611). Oxford
University Press. doi: 10.1093/oxfordhb/9780199934898.013.0025
Maughan, B., Rowe, R., Messer, J., Goodman, R., & Meltzer, H. (2004). Conduct disorder and
oppositional defiant disorder in a national sample: Developmental epidemiology. Journal
of Child Psychology and Psychiatry, 45(3), 609-621. doi:10.1111/j.14697610.2004.00250.x
McCutcheon, A. L. (1987). Latent class analysis. Sage Publications.
McHugh, R. K., & Barlow, D. H. (2010). Dissemination and implementation of evidence-based
psychological interventions: A review of current efforts. American Psychologist, 65,73–
84.
McLachlan, G., & Peel, D. (1996). An algorithm for unsupervised learning via normal mixture
models. In D. L. Dowe, K. B. Korb., J. J. Oliver (Eds.) Information, statistics and
induction in science. World Scientific Publishing.
McLachlan, G., & Peel, D. (2000). Finite mixture models. Wiley. doi: 10.1002/0471721182
Mehta, C. R., & Patel, N. R. (1996). Exact test. SPSS Inc.

170
Meier, S. T. (1997). Nomothetic item selection rules for tests of psychological interventions.
Psychotherapy Research, 7, 419–427.
Meier, S. T. (1998). Evaluating change-based item selection rules. Measurement and evaluation
in counseling and development, 31, 15–27.
Meier, S. T. (2000). Treatment sensitivity of the PE Form of the Social Skills Rating Scales:
Implications for test construction procedures. Measurement and Evaluation in
Counseling and Development, 33, 144–156.
Meier, S. T. (2004). Improving design sensitivity through intervention-sensitive measures.
American Journal of Evaluation, 25, 321–334.
Meier, S. T., McDougal, J., & Bardos, A. N. (2016). The Behavior Intervention Monitoring
Assessment System - Second Edition (BIMAS-2). Mental Health Systems, Inc.
Merikangas, K., Hep, J., Burstein, M., Swanson, S., Avenevoli, S., Cui, L., Benejet, C., &
Swendsen, J. (2010). Lifetime prevalence of mental disorders in U.S. adolescents: Results
from the National Comorbidity Survey Replication – Adolescent Supplement (NCS-A).
Journal of American Academy of Child and Adolescent Psychiatry, 49(10), 980-989.
doi:10.1016.2010.05.01
Mindrila, D. L. (2016). A typology of child school behavior: Investigation using latent profile
analysis and cluster analysis. Psychology in the Schools 53(5). doi: 10:1002/pits.21917
Minium, E., Allan, R., King, B., & Bear, G. (1993). Statistical reasoning in psychology and
education, student study guide and workbook. Wiley.
Modecki, K. L., Hagan, M. J., Sandler, I., & Wolchik, S. A. (2015). Latent profiles of
nonresidential father engagement six years after divorce predict long-term offspring

171
outcomes. Journal of Clinical Child and Adolescent Psychology, 44, 123–136. doi:
10.108015374416.2013.865193
Moore, T. V. (1930). The empirical determination of certain syndromes underlying praecox and
manic-depressive psychoses. The American Journal of Psychiatry, 86(4), 719–738. doi:
10.1176/ajp.86.4.719
Mora, G. (2008). Mental disturbances, unusual mental states, and their interpretation during the
Middle Ages. In E. R. Wallace, & J. Jach (Eds.), History of psychiatry and medical
psychology (199-226). Springer. doi: 10.1007/978-0-387-34708-0
Moses, E. B., & Barlow, D. H. (2006). A new unified treatment approach for emotional disorders
based on emotion science. Current Directions in Psychological Science, 15(3), 146–150.
doi: 10.1111/j.0963-7214.2006.00425.x
Muthén, L. K., & Muthén, B. O. (2017). Mplus user’s guide: Statistical analysis with latent
variables (7th ed.). Retrieved from ttp://www.statmodel.com/download/
usersguide/Mplus% 20user%20guide%20Ver_7_r3_web.pdf
National Committee for Mental Hygiene. (1918). Statistical manual for the use of institutions for
the insane. American Psychiatric Association.
Newman, D. L., Moffit, T. E., Caspi, A., & Silva, P. A. (2014). Comorbid disorders, implications
for treatment and sample selection. Journal of Abnormal Psychology, 107(2), 305-311.
Norcross, J. C. (2005). A primer on psychotherapy integration. In J. C. Norcross & M. R.
Goldfried (Eds.), Handbook of psychotherapy integration (2nd ed., pp. 3–23). Oxford
University Press.
Norcross, J. C., & Wampold, B. E. (2011). Evidence-based therapy relationships: Research
conclusions and clinical practices. Psychotherapy, 48, 98–102. doi:10.10370022161

172
Nylund, K. L., Asparouhov, T., & Muthén, B. O. (2007). Deciding on the number of classes in
latent class analysis and growth mixture modeling: A Monte Carlo simulation study.
Structural Equation Modeling 14(4), 535–569.
Oberski, D. (2016). Mixture models, latent profile and latent class analysis. In Kaptein, M., &
Robertson, J. (Eds.) Modern Statistical Methods for HCI. Human Computer Interaction
Series, Springer, Cham. doi: 10.1007/978-3-319-26633-6
Office of the Surgeon General, Army Service Forces. (2000). Nomenclature of psychiatric
disorders and reactions: War Department Technical Bulletin, Medical 203. Journal of
Clinical Psychology, 56, 925–934. (Original work published 1946).
Ogles, B. M., Melendez, G., Davis, D. C., & Lunnen, K. M. (2001). The Ohio Scales: Practical
outcome assessment. Journal of Child and Family Studies, 10(2), 199-212.
Park, S., Castaneda-Gameros, D., & Oh, I. (2019). Latent profile analysis of walking, sitting,
grip strength, and perceived body shape and their association with mental health in older
Korean adults with hypertension. Medicine, 98(39).
Pastor, D. A., Barron, K. E., Miller, B. J., & Davis, S. L. (2007). A latent profile analysis of
college students’ achievement goal orientation. Contemporary Educational Psychology,
32(1), 8-47.
Peterson, K. J., Qualter, P., & Humphrey, N. (2019). The application of latent class analysis
for investigating population child mental health: A systematic review. Frontiers in
Psychology, 10, 1214. doi: 10.3389/201901214
Peugh, J., & Fan, X. (2013). Modeling unobserved heterogeneity using latent profile
analysis: A monte carlo simulation. Structural Equation Modeling: A Multidisciplinary
Journal, 20(4), 616-639. doi: 10.1080/10705511.2013.824780

173
Porcu, M., & Giambona, F. (2017). Introduction to latent class analysis with applications.
The Journal of Early Adolescence, 37(1), 129-158. doi 10.1177/0272431616648452
Quay, H. C. (1986). Classification. In H. C. Quay & J. S. Werry (Eds.), Psychopathological
disorders of childhood (3rd ed., pp. 1–34). Wiley.
Racz, S. J., O’Brennan, L. M., Bradshaw, C. P., & Leaf, P. J. (2016). The influence of family and
teacher factors on early disruptive school behaviors: A latent profile transition analysis.
Journal of Emotional and Behavioral Disorders, 24(2), 67-81.
Rao, C. R. (1973). Linear statistical inference and its applications (2nd ed.). Wiley.
R Core Team. (2013). R: A language and environment for statistical computing. R
Foundation for Statistical Computing.
Reale, L., Bartoli, B., Cartabia, M., Zanetti, M., Constantino, M., Canevini, M., Termine, C., &
Bonati, M. (2017). Comorbidity prevalence treatment and outcome in children and
adolescents with ADHD. European Child and Adolescent Psychiatry, 26(12), 1443-1457,
doi: 10.1007/s00787-017-1005-z
Regier, D. A., Narrow, W. E., Clarke, D. E., Kraemer, H. C., Kuramoto, S. J., Kuhl, E. A., &
Kupfer, D. J. (2013). DSM–5 field trials in the United States and Canada, Part II: Testretest reliability of selected categorical diagnoses. The American Journal of Psychiatry,
170, 59 –70.
Reynolds, C. R., & Kamphaus, R. W. (1992). Behavior assessment system for children.
American Guidance Service, Inc.
Rosenberg, J., Beymer, P., Anderson, D., Van Lissa, C. J., & Schmidt, J. (2018). tidyLPA: An R
package to easily carry out latent profile analysis (LPA) using open-source or commercial
software. Journal of Open Source Software, 3(30). doi: 10.21105/joss.00978

174
Rounsaville, B. J., Alarcon, R. D., Andrews, G., Jackson, J. S., & Kendell, R. E. (2002). Basic
nomenclature issues for DSM-V. In A Research Agenda for DSM–V, pp. 1–29.
American Psychiatric Association.
Rubin, D. H., Althoff, R. R., Walkup, J. T., & Hudziak, J. J. (2012). Cross-informant agreement
on child and adolescent withdrawal behavior: A latent class approach. Child Psychiatry
Hum Dev, 44, 361-369, doi: 10.1007/s10578-012-0330-1
Rueter, M. A., & Kwon, H. K. (2005). Developmental trends in adolescent suicidal ideation.
Journal of Research on Adolescence, 15(2), 205-222.
Rutter, M., Tizard, J., Yule, W., Graham, P., & Whitmore, K. (1974). Isle of Wight Studies,
1964-1974. Psychological Medicine, 6(2): 313-332. doi: 10.1017/S003329170001388X
Sanislow, C. A., Pine, D. S., Quinn, K. J., Kozak, M. J., Garvey, M. A., Heinssen, R. K., Wang,
P. S., & Cuthbert, B. N. (2010). Developing constructs for psychopathology research:
Research domain criteria. Journal of Abnormal Psychology, 119(4), 631-639. doi:
10.1037/a0020909
Schwartz, G. (1978). Estimating the dimensions of a model. The Annals of Statistics, 6, 461–464.
Scrucca, L., Fop, M., Murphy, T. B., & Raftery, A. E. (2017). mclust 5: clustering, classification
and density estimation using Gaussian finite mixture models. The R Journal, 8(1), 205233.
Seligman, M. E. P., & Csikszentmihalyi, M. (2000). Positive psychology: An introduction.
American Psychologist, 55, 5-14.
Simon, B. (2008). Mind and madness in classical antiquity. In E. R. Wallace, & J. Jach (Eds.),
History of psychiatry and medical psychology (175-197). Springer. doi: 10.1007/978-0387-34708-0

175
Smolik, P. (1999). Validity of nosological classification. Dialogues in clinical neuroscience,
1(3), 185-190.
Snyder, H. R., Young, J. F., & Hankin, B. L. (2017). Strong homotypic continuity in common
psychopathology, internalizing and externalizing specific factors over time in
adolescents. Clinical Psychological Science, 5, 98–110. doi :10.1177/2167702616651076
Sorensen, M., Nissen, J., Mors, O., & Thomsen, P. (2005). Age and gender differences in
depressive symptomatology and comorbidity: An incident sample of psychiatrically
admitted children. Journal of Affective Disorders, 84(1), 85-91.
Suldo, S. M., & Shaffer, E. J. (2008). Looking beyond psychopathology: The Dual-Factor Model
of Mental Health in Youth. School Psychology Review, 37(1).
Tein, J. Y., Coxe, S., & Cham, H. (2013). Statistical power to detect the correct number of
classes in latent profile analysis. Structural Equation Modeling, 20, 640–657.
doi:10.1080/10705511.2013.824781
Tolan, P. H., & Henry, D. (1996). Patterns of psychopathology among urban poor children:
comorbidity and aggression effects. Journal of Consulting and Clinical Psychology,
64(5),1094–1099.
Tsou, J. Y. (2011). The importance of history for philosophy of psychiatry: The case of the DSM
and psychiatric classification. Journal of the Philosophy of History, 5, 446-470, doi:
10.1163/187226311X599907
Tully, P. J., Zajac, I. T., & Venning, A. J. (2009). The structure of anxiety and depression in a
normative sample of younger and older Australian adolescents. Journal of Abnormal
Child Psychology, 37, 717–726.

176
United States Census Bureau. (2006). Statistical abstract of the United States. Retrieved from
the Library of Congress, https://www.loc.gov/item/lcwaN0014424/.
Vermunt, J. K., & Magidson, J. (2000). Latent GOLD’s User’s Guide. Statistical Innovations
Inc.
Vincent, D. F. (1953). The origin and development of factor analysis. Journal of the Royal
Statistical Society, 2(2),107-177. doi: 10.2307/2985729
Weersing, V. R., Gonzalez, A., Campo, J. V., & Lucas, A. N. (2008). Brief behavioral therapy
for pediatric anxiety and depression: Piloting an integrated treatment approach. Cognitive
and Behavioral Practice, 15, 126-139.
Weiner, D. (2008). The madman in the light of reason. Enlightenment psychiatry. In E. R.
Wallace, & J. Jach (Eds.), History of psychiatry and medical psychology (281-303).
Springer. doi: 10.1007/978-0-387-34708-0
World Health Organization. (2018). International classification of diseases for mortality and
morbidity statistics (11th Revision).
Zachar, P., & Kendler, K. (2017). The philosophy of nosology. Annual Review of Clinical
Psychology, 13, 49-71.

177

APPENDIX A
INSTUTIONAL REVIEW BOARD APPROVAL

178

Institutional Review Board
DATE:

December 12, 2019

TO:
FROM:

Gary Rempe, M.A.
University of Northern Colorado (UNCO) IRB

PROJECT TITLE:
SUBMISSION TYPE:

[1290421-1] Transdiagnostic Classification of Behavior in Childhood: Profile
Analysis and Inter-Rater Stability
New Project

ACTION:
DECISION DATE:
EXPIRATION DATE:

APPROVAL/VERIFICATION OF EXEMPT STATUS
December 12, 2019
December 12, 2023

Thank you for your submission of New Project materials for this project. The University of Northern
Colorado (UNCO) IRB approves this project and verifies its status as EXEMPT according to federal IRB
regulations.
We will retain a copy of this correspondence within our records for a duration of 4 years.
If you have any questions, please contact Nicole Morse at 970-351-1910 or nicole.morse@unco.edu.
Please include your project title and reference number in all correspondence with this committee.

This letter has been electronically signed in accordance with all applicable regulations, and a copy is retained within University of
Northern Colorado (UNCO) IRB's records.

-1-

Generated on IRBNet

179

APPENDIX B
BIMAS-2 ITEMS

180

Rating: During the past week, this
child…

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34

Never
Rarely
Sometimes
Often
Very Often

shared what he/she was thinking about.
appeared angry.
had trouble paying attention.
followed directions.
appeared sleepy or tired.
was impulsive.
spoke clearly with others.
appeared depressed.
engaged in risk-taking behavior.
had problems staying on task.
maintained friendships.
acted sad or withdrawn.
fought with others (verbally, physically, or both).
acted without thinking.
appeared comfortable when relating to others.
was easily embarrassed or felt ashamed.
lied or cheated.
had trouble remembering.
was generally friendly with others.
appeared anxious (worried or nervous).
lost his/her temper when upset.
had trouble with organizing and planning.
worked out problems with others.
expressed thoughts of hurting himself/herself.
was aggressive (threatened or bullied others).
received failing grades at school.
was emotional or upset.
fidgeted.
was suspected of using alcohol and/or drugs.
worked up to his/her academic potential.
was sent to an authority for discipline.
was suspected of smoking or chewing tobacco.
was prepared for class.
was absent from school.

0
1
2
3
4
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